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ABSTRACT
Hurricane Matthew was a category five hurricane that affected coastal communities
in Florida, Georgia, and South Carolina and resulted in significant damage to properties
and loss of lives. This dissertation investigates households’ evacuation-related decisions
during Hurricane Matthew (2016). Specifically, this study examines (a) households’
evacuation-related first decisions, (b) the effects of risk perception and perceived certainty
about evacuation logistics on households’ evacuate/stay decisions, and (c) the influence of
perceived certainty variables on households’ selection of destination and accommodations
type. Data used for this study comes from a post-Hurricane Matthew survey data gathered
from households in the Jacksonville Metropolitan Area of Florida.
With regard to households’ evacuation-related first decisions, this study explored
whether households made the evacuation decision first, accommodation type decision first,
or other decisions (e.g., destination and departure timing) first. Further, if households made
the evacuation decision first, this study also explored whether the evacuation decision was
made on its own or simultaneously with other decisions. The survey data was used to
estimate a nested logit model, which was preferred to its corresponding multinomial logit
model. The preferred model had twelve statistically significant variables, and some of the
variables include perceived certainty about the location of hurricane impact, concern about
death/injury, being married, female, concern about utility disruption, and receipt of a
voluntary evacuation notice.
The second part of this study explored the bi-direction effect between risk
perception and perceived certainty regarding households’ evacuate/stay decision making.
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Using the survey data, structural equation modeling was used for this investigation. The
results showed that risk perception was positively associated with perceived certainty about
evacuation logistics while perceived certainty about evacuation logistics was negatively
associated with risk perception. In addition, both risk perception and perceived certainty
about evacuation logistics were positively associated with households’ evacuation
decision. While the effect of scientific risk (living in an evacuation zone where an
evacuation order was in effect) on risk perception was not statistically significant, females
and those who have previous evacuation experience were more likely to have higher risk
perceptions. Also, consistency about information received and perceived certainty about
location of impact were positively associated with perceived certainty about evacuation
logistics.
For those who chose to evacuate, the final part of this dissertation investigated the
influence of perceived certainty variables on households’ selection of destinations and
accommodation types. Multinomial logit models were developed for both decisions using
the survey data. Nine variables were statistically significant in the destination type model
while six variables were significant for the accommodation model. The variables were
related to households’ socio-economic and demographic characteristics, receipt of official
evacuation notice, prior evacuation experience, and evacuation impediments.
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CHAPTER ONE
INTRODUCTION
1.1 Research Motivation
Communities on the Atlantic and Gulf coasts are vulnerable to hurricanes and their
associated storm surge and flooding, which threaten the lives of the residents living in these
coastal areas (Lindell and Prater, 2007; Kyne and Donner, 2018). To save lives and protect
personal property, households relocate temporarily from their threatened community to a
safer location through a process called evacuation. Lindell et al. (2019) stated that the
overarching goal of evacuation is to move all evacuees from their at-risk community as
safely and as quickly as possible. However, the decision-making process of households in
relation to hurricane evacuation is a complex one, which is influenced by many factors and
characteristics (Dash and Gladwin, 2007). According to emergency managers, households
who are expected to evacuate often do not, while those who are not supposed to evacuate
often do so (Dash and Gladwin, 2007). To help mitigate the devastating impacts associated
with hurricanes, which occur almost every year, public agencies and emergency managers
need to understand the different aspects of the overall evacuation process (Sadri et al.,
2013).
Households make a variety of evacuation-related decisions based on factors such
as information received about the hurricane (e.g., warnings), environmental cues (e.g.,
heavy rainfall that might result in flash flooding), and social cues (e.g., neighbors preparing
to evacuate or businesses closing) (Lindell and Perry, 2012; Lindell et al., 2019). The
decision-making includes the decision to either evacuate or stay, when to leave, which
destination to evacuate to, which accommodation facility to stay in when they arrive in
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their final destination, which mode of transportation to use, and which routes to use. Yin
et al. (2014a) suggest that these decisions (as compared to pre-evacuation/preparation
activity travel) lead to the ultimate evacuation trips out of the area, which makes up a larger
portion of the evacuation trips.
Dow and Cutter (2002) and Sarwar et al. (2018) posit that hurricane evacuations
are becoming increasingly problematic due to the steady population growth as well as the
inability of the transportation infrastructure to keep pace with demand. Better
understanding of the sequencing of the evacuation-related decisions (which of them are
selected first as well as those that are selected simultaneously or jointly with other
decisions) could provide public agencies and emergency managers with greater insight into
how households initially make decisions as a hurricane approaches, which may lead to
better evacuation planning and management. Additionally, better understanding of which
decisions are made first will allow evacuations and dependencies among decisions to be
modeled with greater accuracy.
As part of the decision-making process, households assess the risks associated with
the impending hurricane - its severity as well as how certain they (themselves) are that the
hurricane may impact them - before they finally decide on a protective action such as
evacuation (Lindell and Perry, 2012; Quarantelli, 1980). Lovreglio et al. (2019) and
Boutras et al. (2017) argued the greater the certainty, severity, and immediacy of the
perceived risk, the greater the likelihood of householders to perform protective actions
(e.g., evacuation). In addition, households’ assessment of whether evacuation may be the
best protective action to take may include all other decisions that would be made between
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the time they leave their homes and the time they arrive at their destinations (such as
departure timing, safer destinations, transportation mode, safer routes, etc.) which is
collectively termed as evacuation logistics.
Prior studies, such as Baker (1991) and Alawadi et al. (2020), reported that risk
perception (e.g., concern about injury or death) is a statistically significant predictor of the
evacuation decision. Blanchard and Dosa (2009) suggested that at-risk residents were more
likely to evacuate if they did not have evacuation-related logistical problems (e.g.,
transportation). However, the extent literature on evacuation is not clear about the effect of
risk perception and perceived certainty about evacuation logistics on each other, and this
needs to be investigated. Understanding how risk perception and households’ perceived
certainty about evacuation logistics impact each other in the decision-making process could
help emergency managers to improve on communication about hurricanes and tailor
messages (which may include available public transportation options, recommended
evacuation routes, and safer destinations) to help improve households’ perceived certainty
about evacuation logistics. Also, greater perceived certainty about evacuation logistics
could aid households in their estimation of the available time to prepare for evacuation
(mobilization time) and the best time to depart their threatened community as they plan
and prepare for evacuation.
Baker (2000) suggested that at-risk residents are more likely to evacuate to a safer
location if they know that their community will flood when a hurricane makes landfall.
Once households decide to evacuate, they set off to a destination and lodge in an
accommodation facility until they can return to their community (Lindell and Prater, 2007).
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Destination and accommodation type choices are essential parts of evacuation planning
since they are used to estimate public shelter demand and travel demand. Additionally,
models generated for destination and accommodation type choices can be used as inputs
for hurricane traffic simulation purposes (Cheng et al., 2008). Investigating how
households’ perceived

certainties influence

the selection of

destination and

accommodation type could help emergency managers to better understand households’
evacuation decision making and in turn, help them make more informed decisions
regarding public shelter demand and locating capacity enhancing traffic management
strategies.
This research focuses on the decisions made by households in the context of
hurricane evacuation. Three research questions are explored in this study. First is the
identification of factors affecting evacuation-related decisions that are made first alone as
well as those that are made simultaneously by households. Second is households’ decision
to evacuate, and whether risk perception and perceived certainty about evacuation logistics
play a role in such decision-making. Finally, for the households who decide to evacuate,
how does perceived certainty play a role in their selection of destinations and
accommodation type.
1.2 Overview of Hurricane Matthew and Survey Data
Hurricane Matthew developed in the Caribbean in late September, 2016, and
quickly intensified from category 1 to 5 (wind speed greater than 155 mph) (Ezer et al.,
2017), before making landfalls as a major hurricane along the coasts of southwestern Haiti,
extreme eastern Cuba, and western Grand Bahama Island (Stewart, 2017). In the United
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States, Matthew made landfalls at Vero Beach as a category 3 hurricane (wind speed
between 111 to 130 mph), and at Jacksonville Beach as a category 2 hurricane (wind speed
between 96 to 110 mph), with both towns being located in Florida (Stewart, 2017).
Matthew then moved northeastward and spread hurricane-force wind gusts across
southeast Georgia and southern South Carolina (SC), with Matthew making a landfall in
McClellanville, SC as a category 1 hurricane (wind speed between 74 to 95 mph) (Stewart,
2007; Wang et al., 2017).
Martín et al. (2017) indicated that Hurricane Matthew was the deadliest Atlantic
storm since Katrina in 2005 and prompted one of the largest recent hurricane evacuations
along the southeastern coast of the United States. Overall, 2 million people were under
evacuation orders in Florida, Georgia, South Carolina, and North Carolina (Wang et al.,
2017). Matthew was accompanied by storm surges of 10 to 13 ft. in Cuba, 8 ft. in the
Bahamas, 7ft. in Fernandina Beach, FL and 6.20 ft. in Charleston, SC. In Florida, the
combined effect of the storm surge and tide produced maximum inundation levels of 5 to
7 ft. above ground level along the coasts of Flagler, St. Johns, and Duval Counties (Stewart,
2017). Counties along the coast of Florida were the most affected in the United States, due
to their location in relation to the track of Matthew (Yuan and Liu, 2018). The diameter of
Matthew while off the coast of Florida was approximately 250 miles (Donegan, 2016).
Overall, Matthew resulted in 585 direct deaths - 546 in Haiti, 34 in the United States, 4 in
the Dominican Republic, and 1 in St. Vincent and the Grenadines (Stewart, 2017).
This study uses survey data collected as part of the Hazards SEES: Bridging
Information, Uncertainty, and Decision-Making in Hurricanes using an Interdisciplinary
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Perspective project, which is funded by the National Science Foundation. Using the
standard four-wave procedure suggested by Dillman et al. (2014), the survey was mailed
to 5,000 households in the Jacksonville Metropolitan Area (JMA), Florida, during summer
and fall of 2017. JMA has a population of 1.3 million, and was hit by Hurricane Matthew
as a category 2 hurricane, resulting in extensive damage to properties due to storm surge
and freshwater flooding of the St. Johns River (Stewart, 2017). The survey gathered
responses to questions regarding households’ evacuation behaviors, social network
information, information sources, certainty factors, and socio-demographic characteristics.
See Appendix A of the dissertation regarding the phrasing of questions leading to the
dependent variables explored in this study. Overall, 588 valid responses were obtained.
1.3 Goal and Objectives
The main goal of this research is to better understand and improve on the modeling
of different aspects of human evacuation behavior. The models generated as part of this
study can be used to gain greater insights as well as predict evacuation behavior.
Additionally, the models can serve as inputs for simulating hurricane evacuation travel
demand. The objectives include:
1. Determine which of the evacuation-related decisions are made first alone and
simultaneously with others, and identify factors associated with such decision-making,
which has been rarely explored previously.
2. Test the novel idea of exploring the effect of risk perception and households’ perceived
certainty about evacuation logistics on each other and their effects on the selection of
evacuation as a protective action. Also, work toward this objective identifies additional
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factors that could be used to predict risk perception and perceived certainty about
evacuation logistics.
3. Examine the effect of households’ perceived certainty on the selection of destination and
accommodation type during evacuation, which has not been explored in prior studies.
1.4 Contributions
This section discusses the gaps in prior studies and highlights the contributions of
this research. Section 1.4.1 discusses households’ evacuation-related first decisions. The
next section, section 1.4.2, presents gaps in prior literature about risk perception, perceived
certainty, and the evacuate/stay decision and the contribution of this research to existing
evacuation studies. Finally, section 1.4.3, identifies gaps in previous destination and
accommodation type studies and presents the contribution of this research to destination
and accommodation type literature.
1.4.1 Households’ Evacuation-Related First Decisions
Previous studies largely modeled evacuation-related decisions separately. For
example, Whitehead et al. (2000) and Hasan et al. (201l) modeled the decision to either
evacuate or stay. However, relatively few studies, such as Bian et al. (2019), explored the
joint estimation of such decisions. Damera et al. (2019) explored the sequence of
destination and accommodation type decisions.
This research is broader than that of Damera et al. (2019), and it fills a gap in prior
hurricane evacuation research by accounting for factors associated with whether the
evacuation decision was made first, accommodation type decision was made first, or other
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decisions (e.g., destinations and travel mode) were made first. Also, if households decided
on evacuation decision first, it was explored if the decision was made alone or it was made
simultaneously with other decisions. Accounting for evacuation-related first decisions can
help to better understand households’ prioritization of evacuation-related decisions as a
hurricane approaches which can be used to develop information dissemination strategies
that align with the decision priorities and support the selection of protective actions. A
nested logit model was used to identify the factors associated with such decision making.
Using the survey responses from households in Jacksonville, FL, new factor which has not
been explored in prior literature, households’ perceived certainty, was explored. Additional
variables included household socioeconomic and demographic characteristics, information
received about the hurricane, previous hurricane experience, and evacuation impediments.
1.4.2 Risk Perception, Perceived Certainty, and Evacuate/Stay Decision
The second objective of this research is to better understand the effect of risk
perception and perceived certainty about evacuation logistics on each other as well as their
effects on evacuation decisions. Prior studies found risk perception to be an influencing
factor of the decision to evacuate (e.g., Baker, 1991; Whitehead et al., 2000; Thompson et
al., 2017). Wu et al. (2012) and Lindell et al. (2011) reported some factors associated with
households’ evacuation logistics (e.g., household size). However, during protective action
decision making, prior research has not explored the perceived certainty about households’
evacuation logistics, which could influence their decision to either evacuate or stay,
especially as Collier et al. (2020) argued that Hurricanes Katrina and Harvey evacuees from
New Orleans and Houston faced evacuation logistics issues related to transportation,
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destinations, and accommodations. This calls for the need to investigate how certain
households are with regard to their evacuation logistics, which will help emergency
managers to improve on the wording and content of hazard messages sent to households,
especially as this could be useful to households in the assessment of evacuation as the best
protective action to take.
This research contributes to existing evacuation research by exploring the bidirection effect between risk perception and perceived certainty about evacuation logistics.
Also, the effect of these two factors on households’ decision to evacuate was explored.
Additionally, factors that could be used to predict risk perception and perceived certainty
about evacuation logistics were investigated. Structural equation modeling (combination
of measurement models, structural models, and discrete choice model) is used to explore
the factors associated with such decision-making. New factors (e.g., consistency of
information received and extent of understanding hurricane-related maps/graphics) that
could be used for predicting risk perception and perceived certainty about evacuation
logistics were explored. Other factors that were investigated include households’
socioeconomic and demographic characteristics (e.g., number of years of living in the
current community), information received about the hurricane, previous hurricane
experience, and perceived certainty about the location of hurricane impact.
1.4.3 Destinations and Accommodations with Perceived Certainty Variables
Prior studies reported that evacuees either stay in-county or out-of-county (Dash
and Morrow, 2000; Murray-Tuite et al., 2012), while others reported that evacuees’
destinations are based on directions (e.g., north and east of their state) (Wu et al., 2012).
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However, relatively few studies have identified the factors associated with such decisionmaking (e.g., Yin et al., 2014a). For accommodation type, peers’ (friends’/relatives’)
(Lindell et al., 2019) homes are most preferred, followed by commercial establishments
(e.g., hotels), and finally, public shelters, with studies such as (Mesa-Arango et al., 2013;
Wu et al., 2012) identifying factors such as household size, race and income as significant
predictors of accommodation type.
This research expounded on destination and accommodation type literature by
exploring the effect of households’ perceived certainty on such decision-making, which
has not been explored before. Additionally, understanding of hurricane related maps and
graphics (new variable that has not been explored in destination and accommodation type
literature) was tested. The multinomial logit model was used for the identification of factors
associated with destination and accommodation type. Random parameters were explored
to identify factors that had heterogeneous effects. Using the survey responses obtained
from households in Jacksonville, FL, additional factors that were explored included:
household socioeconomic and demographic characteristics (e.g., marital status and number
of household vehicles used for evacuation), information received about the hurricane,
previous hurricane experience, and the respondent’s social network characteristics.
1.5 Dissertation Organization
Overall, the dissertation consists of six chapters. Chapter 1 gives an introduction to
the study. Chapter 2 presents a review of literature relating to evacuation-related decisions.
Chapter 3 is a draft manuscript titled Households’ Evacuation-Related First Decisions,
which addresses objective 1. This manuscript has been submitted to Risk Analysis. Chapter
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4 presents a draft manuscript on The Effects of Risk Perception and Perceived Certainty
on Evacuate/Stay Decisions, which addresses objective 2. Chapter 5, which tackles
objective 3, is a draft manuscript titled Estimating Hurricane Evacuation Destinations and
Accommodation Type with Perceived Certainty Variables. This manuscript has been
submitted to Transportation Research Part D. Chapter 6 summarizes the dissertation by
providing conclusions, contributions, limitations, and future directions.
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CHAPTER TWO
LITERATURE REVIEW
This chapter presents a consolidated literature review on the various decisions ((i)
first decisions, (ii) risk perception, perceived certainty, and evacuate/stay decision as well
as (iii) destinations and accommodation type) that is explored in this study. However,
Chapters 3, 4, and 5 explore these decisions as separate studies, and as such have their
corresponding detailed literature reviews presented in their respective chapters.
Lindell et al. (2019) indicated that prior to the 1970s, professionals in both
transportation and emergency management assumed that evacuations “just happened”, and
that little could be done to facilitate the movement of people during large scale evacuations.
However, over the past four decades, significant improvements have been made in the
planning, analysis, and management of evacuations, especially in the development of
predictive models for different aspects of the evacuation process (Lindell et al., 2019). Prior
studies (e.g., Baker, 1991; Whitehead, 2000; Hasan et al., 2011; Yin et al., 2014a) on
hurricane evacuation have identified factors associated with the decisions that at-risk
residents make in the wake of a hurricane. Similarly, other studies (e.g., Thompson et al.,
2017) have provided a comprehensive review of literature regarding some aspects of the
evacuation process (e.g., evacuation/stay decision).
The literature review is organized as follows: section 2.1 discusses a review of
literature on households’ evacuation-related first decisions, section 2.2 provides a review
of prior studies on risk perception, perceived certainty about evacuation logistics, and the
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evacuate/stay decision, and finally, section 2.3 presents a review of previous research on
destinations and accommodation type selection.
2.1 Households’ Evacuation-Related First Decisions
Prior studies such as Gehlot et al. (2018) and Ukkusuri et al. (2017) have reported
that evacuation-related decisions are mostly modeled in the order of (1) evacuate/stay
decision, (2) accommodation type choice, (3) destinations, (4) departure timing, (5) mode
choice, and (6) route selection. Possibly, modeling these decisions separately simplifies the
modeling effort as well as the analysis of the results obtained (Damera et al., 2019).
However, fewer studies have either explored the joint estimation of these decisions (e.g.,
Fu et al., 2004) or the sequencing of these decisions (e.g., Damera et al. 2019) based on
data specifically gathered for this purpose.
Damera et al. (2019) explored the factors associated with the sequencing of
destinations and accommodation type for Jacksonville residents who evacuated during
Hurricane Matthew using a nested logit model. The authors found that having more than
two adults in the household, concern about disruption to utility services, gender
heterogeneity of peers with whom the evacuee communicates with were positively
associated with making a sequential decision over a simultaneous decision while
households with a member who is above 65 years old, concern about out of pocket
expenses, and total frequency of communication with alters positively influenced the
sequential selection of destinations over accommodation type.
2.2 Risk Perception, Perceived Certainty, and Evacuate/Stay Decision
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Yin (2014) suggests that the evacuate/stay decision is perhaps the most important
decision made by at-risk residents who are threatened by an impending hurricane. Prior
studies such as Hasan et al. (2011), Riad et al (1999), and Baker (1991) have reported the
percentages of at-risk residents who evacuated during a hurricane. For example, during
Hurricane Ivan, Hasan et al. (2011) reported that 45% of the at-risk residents evacuated
while the remaining 55% stayed. Quite a significant number of hurricane evacuation
studies have identified factors associated with such decision making (binary evacuate/stay
decision) (e.g., Smith and McCarty, 2009; Whitehead et al., 2000; Yin et al., 2014a; Huang
et al., 2016b; Bateman and Edwards, 2002). Quite recently, Lim et al. (2016) and Alawadi
et al. (2020) identified influencing factors associated with partial evacuation, which adds
to the traditional binary evacuate/stay decision. Some of the factors associated with the
evacuate/stay decision include risk perception (feeling unsafe), perceived certainty about
location of hurricane impact, official evacuation notices (e.g., warnings), socioeconomic
and demographic characteristics, housing type, pet ownership, and social network factors
(Lindell et al., 2019; Sadri et al., 2017; Hasan et al., 2011; Murray-Tuite et al., 2012).
Specifically for this study, section 2.2.1 provides a review of literature on risk perception,
section 2.2.2 discusses literature on perceived certainty about evacuation logistics, and
section 2.2.3 provides literature on other influencing factors of the evacuate/stay decision.
2.2.1 Risk Perception
Studies such as Baker (1991), Dow and Cutter (1998), and Bateman and Edwards
(2002) have argued that risk perception is a major determinant of evacuation, with
Thompson et al. (2017) reporting that risk perception is a consistent positive predictor of
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the decision to evacuate. Lindell et al. (2019) suggests that there are at least two
components to perceived risk - belief that one will experience the hazardous event, and the
belief that one will be adversely affected by it. Studies such as Bateman and Edwards
(2002), and Peacock et al. (2005) have reported that at-risk residents who evacuate mostly
cite that they felt unsafe, while those who remained often say they were safe. Peacock et
al. (2005) argued that risk perception for natural hazards has mostly been explained by
factors such as socioeconomic and demographic characteristics, household composition,
previous experience, and knowledge.
Yin (2014) posit that the perception of being at risk may be captured directly by a
survey question. However, it may be difficult to extend this to the entire population, which
may lead researchers to capture measures hypothesized to relate to risk perception. For
example, Alawadi et al. (2020) used concern about injury or death of a household member
to measure the perception of risk. Similarly, Whitehead et al. (2000) used wind risk and
flood risk to capture the perception of risk. Baker (1991) and Huang et al. (2012) captured
risk perception as living in a risk area (e.g., low-lying sites). Other studies have captured
risk perceptions using measures such as living in a mobile home (e.g., Baker, 1991; Lindell
et al., 2019; Hasan et al., 2011), receiving a warning (Baker, 1991; Gladwin and Peacock,
1997), and storm intensity (Whitehead et al., 2000). It is worth noting that all the measures
identified above positively influenced households’ decision to evacuate. However, other
measures of risk perception have been found to be negatively associated with the decision
to evacuate. Gladwin and Peacock (1997) used longer duration of staying in the at-risk
community as a proxy for risk perception, which had a negative effect on evacuation.
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Similarly, another measure of risk perception, frequency of hurricane experience, has been
reported to decrease households’ perception of risk, and therefore negatively associate with
evacuation (Anderson, 1986).
2.2.2 Perceived Certainty about Evacuation Logistics
Yi and Özdamar (2007) reported that evacuation logistics and the evacuation
process itself are important activities that need to take place in a disaster response. Mileti
et al. (1985) posit that one of the four categories of uncertainty in hurricane evacuation is
exogenous influences or evacuation logistics (e.g., time available to prepare for evacuation,
evacuation feasibility, prior planning, etc.). Lindell et al. (2019), and Lindell (2011)
defined evacuation logistics to include the activities and associated resources that take
place from the time an evacuation decision is made to the time that households arrive at
their destinations. Evacuation logistics typically include departure timing, destinations,
accommodation type, mode choice, and route choice (e.g., Yin et al., 2014a; Lindell et al.,
2019, Wu et al., 2012). Other studies have defined evacuation logistics to include
mobilization time (period between when evacuation decision is made and departure time)
(e.g., Arlikatti et al. 2006; Sadri et al., 2013) as well as family gathering and child pick up
(Liu et al., 2014a; 2014b).
Lindell and Perry (2012) suggest that information received about the threat (e.g.,
impeding hurricane) is to prompt protective action decision making (e.g., decision to
evacuate). However, at-risk residents may be uncertain about their evacuation logistics
(availability of public transportation and when to depart their at-risk community), possibly
because officials who speak publicly about the characteristics of the hurricane as well as
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logistics related to evacuation may not always have clear or accurate information (Nateghi
et al., 2019). Also, inconsistent information received from public officials about evacuation
logistics details could increase households’ uncertainty, and such households with greater
uncertainty about their evacuation logistics may gather additional information to address
their uncertainty about evacuation logistics before they decide on a protective action
(Lindell and Perry, 2012; Lee at al., 2021).
Wang et al. (2021) presented a review of some factors associated with evacuation
logistics. Their study grouped evacuation logistics into two – pre-evacuation actions and
during evacuation, which is consistent with the report of Yin et al. (2014a). Wang et al.
(2021) concluded that some of the factors associated with pre-evacuation phase of
evacuation logistics include information seeking, influence of social networks, situation
impediments, and facilitators. With regard to the evacuation phase, the authors concluded
that some of the factors associated with evacuation logistics include socio-economic and
demographic characteristics (e.g., hazard proximity, age, household size, etc.), familiarity
with route or destinations or prior experience, and social and environmental factors, which
are consistent with the findings of Lindell et al. (2019). In addition, Lindell et al. (2019)
reported that information received by households, and having enough resources to pay for
evacuation expenses influence households’ evacuation logistics, which may in turn,
influence households’ evacuation decision. However, fewer studies have examined
perceived certainty about evacuation logistics in evacuation studies. Investigating how
households’ perceived certainty influence evacuation decision as well as the factors that
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could be used to predict such certainty would help public officials and emergency managers
to better understand the complex nature of households’ evacuation decision making.
2.2.3 Other Influencing Factors of the Evacuate/Stay Decision
Receipt of warnings or official evacuation notices have been found to be predictors
of evacuation. Consistently across evacuation studies, households who received official
evacuation notice or warnings have been found to be more likely to evacuate (e.g., Huang
et al., 2016b; Hasan et al., 2011; Fu et al., 2007; Cheng et al., 2011). Quarantelli (1980)
showed that the characteristics such as credibility, frequency, and specificity of the
evacuation notice were significant factors affecting households’ decisions to evacuate or
not. This was further elaborated by Lindell et al. (2019), who posit that receiving
mandatory evacuation notice may influence households’ decisions to evacuate, while
voluntary notice may invite noncompliance.
Environmental and social cues also influence households’ evacuation decisions.
Lindell et al. (2019) defined environmental cues as the conditions that people can observe
in their physical environment that can indicate the presence of a threat (e.g., rising water
and high wind speed) while social cues are the indications that people receive from other
people, such as observation of businesses closing. Huang et al.’s (2016a) review and
statistical meta-analysis of hurricane evacuation studies showed that observing peers who
were evacuating highly correlated with the decision to evacuate, as compared to
environmental cues and observation of businesses closing. The authors reported that peer
evacuation was the second best predictor of the decision to evacuate after receipt of an
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official evacuation warning. Possibly, the peers may have received same warnings as the
at-risk resident, which may have necessitated the peers’ evacuation decision.
Baker (1991) suggests that another predictor of evacuation, previous hurricane
experience, is a difficult concept to define and measure. However, intuitively, previous
hurricane experience is more likely to affect future evacuation (Baker, 1991; Lindell et al.,
2019). Possibly, such difficulty in measuring experience is why prior studies on review of
hurricane evacuation literature (e.g., Thompson et al., 2017; Huang et al., 2016a) have
reported that there is no consistent (mixed) relationship between previous experience and
evacuation. While studies such as Moore et al. (1963) and Windham et al. (1997) have
reported of previous hurricane experience being a negative predictor of evacuation
behavior (possibly due to such experience contributing to the awareness of the hazard
(Baker, 1991)), other studies such as Perry (1979) found that prior hurricane experience
increased the likelihood of households evacuating, which confirms the mixed effect of prior
experience on evacuation behavior.
Housing type is another predictor of the evacuate/stay decision. Studies such as
Whitehead et al. (2000), Yin et al. (2014a), and Baker (1991) have reported that households
who live in mobile/manufactured homes are more likely to evacuate, possibly because such
housing types are more vulnerable to wind risk as compared to site-built housing (Lindell
et al., 2019). However, Murray-Tuite et al. (2012) showed that households living in multifamily homes were more likely to evacuate. For households living in single family
detached homes, Alawadi et al. (2020) concluded that such households were less likely to
partake in full evacuation and more likely to evacuate partially, possibly due to such
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households having vulnerable household members who need to be protected from the
impacts of the hurricane (Alawadi, 2019). Also, home ownership has been found to be
negatively associated with evacuation (Hasan et al., 2011).
Pet ownership has been found to influence households’ evacuation decision.
Studies such as Yin et al. (2014a), Whitehead et al. (2000), and Solis et al. (2009) found
pet ownership to be a negative predictor of evacuation. Thompson et al.’s (2017) review of
evacuation studies demonstrated that lack of pet carriers and owning multiple outdoor
animals were impediments to evacuation for pet owners, especially for evacuees without
children (Heath, 2001). Other studies such as Hunt et al. (2012) and Baker (1991) found a
non-significant effect of pet ownership on evacuation, which suggests that pet ownership
has a mixed effect on evacuation.
Socioeconomic and demographic characteristics also influence evacuation.
Consistently, females (Whitehead et al., 2000; Burnside et al., 2007; Huang et al., 2012;
Smith and McCarty, 2009), and those with children (e.g., Yin et al., 2014a; Huang et al.,
2012; Riad et al., 1999) have been found to be significant predictors of the decision to
evacuate. Age has been reported to be negatively associated with evacuation (Wilmot and
Mei, 2004; Gladwin and Peacock, 1997). While some studies have reported that income is
positively associated with the decision to evacuate (e.g., Whitehead et al., 2000), others
have reported that higher income is negatively associated with evacuation (e.g., Smith and
McCarty, 2009; Whitehead, 2003), which suggests that income has mixed effects on
evacuation. Lindell et al. (2019) suggest that socioeconomic and demographic variables do

25

not predict evacuation nearly as well as other factors such as risk area, housing, receipt of
evacuation notices or warning, and perceived vulnerability.
2.3 Destinations and Accommodation Type
The review of literature for destinations and accommodation type are organized
into two sections. Section 2.3.1 provides a review of literature on destinations while section
2.3.2 discusses literature on accommodation type choice.
2.3.1 Destinations
Destinations are safe locations to which at-risk residents evacuate for the safety of
their families or households until it is safe for them to return to their community. Most
post-storm surveys usually ask respondents to indicate the city or town, state and the zip
code of their evacuation destination or location. Based on this information, researchers
model the destinations of evacuees. For example, Dow and Cutter (2002) reported that
during Hurricane Floyd, 9% of the evacuees from South Carolina stayed in-county, 32%
evacuated in-state, and 56% evacuated out-of-state. Similarly, other studies such as Wu et
al. (2012) reported evacuees’ destinations based on directions (e.g., north of their state).
Additionally, Lindell et al. (2019) suggest that households visit local intermediate
destinations such as gas stations and grocery shops, especially in their preparation for outof-town evacuation before they finally depart their community. However, relatively few
studies have identified the factors associated with households’ choice of destinations.
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Southworth (1991) suggest that evacuees select their destinations based on (1) the
closest location (in terms of distance and/or expected travel time); (2) established
evacuation plan; (3) location of peers; and (4) speed of the hazard onset. Similarly, Lindell
et al. (2019), Dow and Cutter (2002), and Whitehead (2003) indicated that substantial
variation in evacuees’ destinations as well as the distance travelled to such locations is due
to the availability of accommodations (e.g., peers’ home). Also, Wong et al. (2018) found
that those who stayed with peers were more likely to stay in their state (but out-of-county),
as compared to those who stayed in a hotel who were more likely to stay within their
county.
Risk perception as well as concerns or worries that evacuees have about the
characteristics of the hurricane have been found to influence the selection of destinations.
For example, while Dow and Cutter (2002) cited risk perception to be one of the
influencing factors of out-of-county destination selection for Hurricane Floyd evacuees
from South Carolina, Wong et al. (2018) reported that Hurricane Irma evacuees from
Florida who had concerns about the injury or death of a family member as well as traffic
congestion were less likely to stay within Florida, which suggests that they moved out-ofstate.
Socioeconomic and demographic characteristics have been found to influence the
selection of destinations. For example, those with lower income (Yin et al., 2014a; Wong
et al., 2018) have been found to be more likely to stay within their county. However, those
with higher income, greater number of household vehicles for evacuation, those with
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children, and households who live in a single family detached home are more likely to stay
out of their county (Yin et al., 2014a; Wong et al., 2018; Dow and Cutter, 2002).
Receipt of evacuation notice influences the selection of destinations. Wong et al.
(2018) reported that Hurricane Irma evacuees from Florida who received mandatory
evacuation notice were more likely to stay within their state (either in-county or out-ofcounty). Other factors for destination choice selection include transportation accessibility
(Wu et al., 2012; Cheng et al., 2008), and evacuation departure timing (Huang et al., 2012;
Yin et al., 2014b).
2.3.2 Accommodation Type
Once evacuees arrive at their destinations, they lodge in a facility in that location
until it is safe for them to travel back to their community. These facilities are called
accommodation type. Prior studies have reported that evacuees prefer to stay in peers’
(friend or a relative) home, followed by commercial establishments (hotel/motel), and
finally, public shelters (Bian et al. 2019; Wu et al. 2012; Mesa-Arango, 2013). For
example, Wong et al. (2018) reported that during Hurricane Irma, 43.5% of the evacuees
from Florida stayed with a family member, 15.8% stayed in a friends’ home (suggesting
that 59.3% stayed with a peer), 27.4% stayed in hotel/motel, 3.5% stayed in a public shelter,
and 4.3% stayed in other accommodation type such as Airbnb. Lindell et al. (2019)
suggests that some of the other accommodation type used by evacuees include vacation
homes or recreational vehicles. Prior studies such as Mesa-Arango et al. (2013), Yin et al.
(2014a), and Bian et al. (2019) have identified factors associated with accommodation type
choices.
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Socioeconomic and demographic characteristics influence the choice of
accommodations. Number of vehicles used for evacuation (Yin et al. 2014a), higher
income (Wu et al., 2012), and less cost for food, lodging and total evacuation (Wu et al.,
2012; Whitehead, 2003) have been found to be positively associated with accommodation
choice of peers. However, those with less income (Wong et al. 2018), larger household size
(Smith and McCarty), greater residential stability (Wong et al., 2018), and children are less
likely to stay with their peers (Wu et al. 2012). For hotel/motel accommodation type, larger
household size (Yin et al., 2014b; Wu et al. 2012), married (Wu et al., 2012), and higher
income (Wu et al., 2012) have been found to be positively associated with such
accommodation type. Living in a mobile home (Smith and McCarty, 2009) and having low
income (Wong et al., 2018; Wu et al., 2012) have been found to be negatively associated
with commercial accommodation type. For public shelters, low income households (Baker,
1991; Mileti et al., 1992; Wong et al., 2018), ethnic minorities (Baker, 1991; Mileti et al.,
1992) and those who depart late (Baker, 1991; Mileti et al, 1992) have been found to
positively associate with staying in public shelters. However, Whites (Caucasians) (Lindell
et al., 2011) and those with higher income (Wu et al., 2012) are negatively associated with
the choice of public shelters.
Pet ownership is another predictor of accommodation type. For peers’ homes, Yin
et al. (2014b) reported a negative correlation between pet ownership and such
accommodation type. For public shelter, both Yin et al. (2014b) and Wong et al. (2018)
reported a negative relationship between pet ownership and public shelters. However, prior
studies have reported mixed effects for the relationship between hotel/motel and pet
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ownership. While Wong et al. (2018) reported a negative relationship, Yin et al. (2014b)
reported of a positive relationship between pet ownership and hotel/motel.
Murray-Tuite et al. (2012) reported other factors that influence the selection of
accommodation type. These include type of emergency, size of evacuation, departure
timing, and hazard severity.
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3.1 Abstract
This paper’s objective is to investigate factors associated with evacuation-related
first decisions using post-Hurricane Matthew (2016) survey data of households in the
Jacksonville, Florida metropolitan area. A nested logit model identified factors associated
with households making the evacuation decision first (EvacFirst), accommodation type
decision first (AccoFirst), and other decisions first (e.g., destination) (OthersFirst). The
model branched on EvacFirst to explore if evacuation was decided first on its own
(EvacOnly) or whether this decision was made simultaneously with other first decisions
(EvacSim). Empirical results showed that females were more likely to select EvacFirst,
while those who had concerns about damage to the home from water, receiving voluntary
evacuation notice, and previously living in a community that was never advised to evacuate
from a hurricane were negatively associated with EvacFirst. Married evacuees, concern
about injury/death of a household member, and previously evacuating for a hurricane that
hit their community decreased the likelihood of selecting AccoFirst. Additionally, given
that EvacFirst was chosen first, greater certainty about the location of hurricane impact
increased the likelihood of the selection of EvacOnly while concern about the disruption to
utility services and households who had peers living in their final destinations were more
likely to select EvacSim. These findings help to better understand households’
prioritization of evacuation-related decisions as a hurricane approaches which can be used
to develop information dissemination strategies that align with the decision priorities and
support the selection of protective actions.
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3.2 Introduction
Better management of hurricane evacuation requires that emergency
managers thoroughly understand the factors that influence households’ evacuation-related
decision-making (Sarwar, Anastasopoulos, Ukkusuri, Murray-Tuite, & Mannering, 2018)
as well as the process itself. This decisions involve whether to evacuate or stay, when to
leave, where to go and how to get there, with many studies (e.g., Hasan, Mesa-Arango, &
Ukkusuri, 2013; Dash & Gladwin, 2007) modeling such decisions separately. Relatively
few studies (e.g., Wong, Pel, Shaheen, & Chorus, 2020; Bian, Wilmot, Gudishala, & Baker,
2019; Gehlot, Sadri & Ukkusuri, 2019) explored the joint estimation of such decisions.
Even fewer (e.g., Damera et al., 2019) examined the sequencing of evacuation-related
decisions based on data collected explicitly for this purpose.
This paper is one of the few to study the sequencing of evacuation-related decisions
by identifying the factors associated with household evacuation-related first decisions.
These factors could provide emergency managers with greater insights into how
households initially make decisions as a hurricane approaches. Better understanding of the
sequencing of decisions will allow us to know the prioritization of various decisions and
the dependencies across them which will allow better evacuation planning and demand
estimation.
The objective of this paper was to determine factors associated with evacuationrelated first decisions using post-Hurricane Matthew (2016) survey responses of
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households in the Jacksonville, Florida Metropolitan Area. Using a nested logit model, we
identified factors associated with households making the evacuation decision first
(EvacFirst), accommodation type decision first (AccoFirst), and other decisions first (e.g.,
departure timing, destination, mode choice, route choice) (OthersFirst). Further, given that
EvacFirst was chosen, we explored if evacuation was decided first alone (EvacOnly) or
whether this decision was made simultaneously with other decisions (EvacSim). Variables
investigated included household socioeconomic and demographic characteristics,
information received about the hurricane, perceived certainty, previous hurricane
experience, and evacuation impediments.
Perceived certainty (e.g., about the location of hurricane impact) influenced
households’ decisions to evacuate (Alawadi, Murray-Tuite, Marasco, Ukkusuri, & Ge,
2020). However, the effect of certainty on evacuation-related first decisions has not been
explored, yet. Uncertainties about the hazard (e.g., interpretation of the hazard and
perceived impacts) in evacuation-related decision-making results in increased loss of life
and property (Mileti, Sorensen, & Bogard, 1985). Lindell and Perry (2012) indicated that
uncertainty at any stage of the protective action decision-making process makes individuals
seek more information which they then use to assess the risks. Investigating how perceived
certainty influences the selection of evacuation-related first decisions will enable
emergency managers to improve on the communication of warnings, evacuation notices
(e.g., improving specificity), and evacuation-related resources available.
The remainder of this paper is divided into five sections. Section 3.3 presents
literature review and research hypotheses related to this study. Section 3.4 presents an
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overview of the data, which is followed by the modeling methodology in Section 3.5.
Section 3.6 presents the results and discusses the findings. Section 3.7 concludes the study
and provides future research directions.
3.3 Literature Review
Households make a variety of evacuation-related decisions when a hurricane
approaches their communities (Yin, Murray-Tuite, Ukkusuri, & Gladwin 2014a; Damera
et al., 2019; Sadri, Ukkusuri, & Gladwin, 2017). Prior studies (e.g., Baker, 1991; Lindell,
Kang, & Prater, 2011; Gladwin, Gladwin, & Peacock, 2001) suggested that a household’s
decision-making process is mostly governed by information received about the impending
hurricane (e.g., trajectory) and household characteristics (e.g., location of their residences).
Similarly, Lindell and Perry’s (2012) Protective Action Decision Making model posited
that households’ evacuation-related decisions are influenced by environmental and social
cues and warnings.
Previous evacuation studies modeled evacuation-related decisions as whether to
evacuate or stay (evacuation) (e.g., Yin et al., 2014a; Hasan, Ukkusuri, Gladwin, &
Murray-Tuite, 2011; Whitehead, Edwards, Van Willigen, Maiolo, Wilson, & Smith, 2000;
Dash & Gladwin, 2007; Sadri et al., 2017), when to depart (departure timing) (e.g., Hasan
et al., 2013; Fu, Wilmot, Zhang, & Baker, 2007; Yin et al., 2014a; Dixit, Wilmot, &
Wolshon, 2012), where to evacuate to (destination) (e.g., Yin et al., 2014a), which facility
to stay in (accommodation type) (e.g., Yin et al., 2014a; Whitehead et al., 2000; MesaArango, Hasan, Ukkusuri, & Murray-Tuite, 2013; Smith & McCarty, 2009), which type of
transportation to use (travel mode) (e.g., Sadri, Ukkusuri, Murray-Tuite, & Gladwin,
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2014a; Lim, Lim, & Piantanakulchai, 2016; Liu, Murray-Tuite, & Schweitzer, 2014), and
finally, on which roads (evacuation route) to travel (e.g., Sadri, Ukkusuri, Murray-Tuite,
& Gladwin, 2014b; Akbarzadeh & Wilmot, 2015). However, most of these studies modeled
the decisions separately, possibly because such an approach simplifies the data collection
and modeling (Damera et al., 2019).
A few studies modeled evacuation-related decisions jointly. For example, Fu and
Wilmot (2004) estimated a sequential binary logit model to jointly model the evacuate/stay
decision and departure timing for Hurricane Andrew (1992). Yang, Morgul, Ozbay, and
Xie (2016) explored factors that affect evacuate/stay decisions and accommodation type as
well as the association between these two decisions using a Bayesian estimation approach
(structural equation model). Bian et al. (2019) estimated a joint model of accommodation
type and mode choice for evacuees during Hurricanes Gustav (2008), Irene (2011), and
Sandy (2012) using a nested logit model. Gehlot et al. (2019) estimated a joint model of
evacuation departure and travel times for Hurricane Sandy evacuees using accelerated time
hazard and ordered probit models. Sarwar et al. (2018) jointly modeled evacuate/stay and
departure times for Hurricane Ivan evacuees using a random parameter binary logit model.
Wong et al. (2020) used a portfolio choice model to jointly estimate departure timing,
evacuation destination, accommodation type, mode choice, and route used for Hurricane
Irma evacuees. Finally, Golshani, Shabanpour, Mohammadian, Auld, and Ley (2019)
jointly modeled accommodation type and departure times for hypothetical no-notice
emergency events using a multinomial logit model and accelerated hazard formulation.
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Damera et al. (2019) are among the few to explicitly investigate factors associated
with whether accommodation and destination choices are made simultaneously or in
sequence. They developed a nested logit model with the same survey data used in this
study. Our study also used the nested logit modeling technique to explore the factors
associated with evacuation-related first decisions. This technique helped to explore the
factors associated with whether the evacuation decision was made first on its own or
simultaneously with other first decisions.
3.3.1 Research Hypotheses
Ten research hypotheses helped guide variable selection for the model
specification. A relatively new variable with regard to evacuation literature, certainty about
location of hurricane impact, was explored as one of the hypotheses. Other hypothesis
variables were selected from their prominence in evacuation choice literature; however,
their role in the sequencing of evacuation-related decisions is, as yet, unexplored.
3.3.1.1 Hypotheses Related to Making Evacuation Decision First. Three
hypotheses that shed light on making evacuation decision first are highlighted below:
H1. Female (gender) positively associates with selecting evacuation first.
Bateman and Edwards (2002) explained that females were more likely to evacuate
due to socially constructed gender differences in caregiving roles, access to evacuation
incentives, perceived risk, and exposure to risk. Siebeneck and Cova (2012) further
explained that females perceive risks associated with hazards to a greater extent than their
male counterparts, which makes them more likely to seek protective actions. Females
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(particularly with higher risk perception) may be more likely to select a protective action
(e.g., evacuation) with greater urgency and later make other decisions (e.g., departure
timing), leading to their selection of the evacuation decision first.
H2. Extent of concern about damage to the home from water (e.g., storm surge or inland
flooding) negatively associates with choosing the evacuation decision first.
Sorensen and Sorensen (2007) indicated that wind and storm surge were the main
causes of destructive flooding for Gulf Coast residents during Hurricanes Katrina and Rita.
Baker (1991) argued that at-risk residents were more likely to evacuate to a safer location
if their homes were likely to be impacted by storm surge. Individuals who are concerned
about damage to their homes from water may search for safer accommodations and
destinations, as part of their assessment of the potential effectiveness of evacuation as a
protective action (Lindell & Perry, 2012), before deciding to evacuate.
H3. Previously living in a community that was never advised to evacuate (no experience)
from a hurricane positively associates with making the evacuation decision first.
Windham, Posey, Ross, and Spencer (1977) and Baker (1991) reported that
newcomers to coastal areas who have not experienced major hurricanes were more likely
to evacuate than those who have lived in the coastal area for a longer time. The hurricane
may generate a high degree of “reflexive fear” (Janis, 1962) for newcomers which may
lead to their decision-making, such as evacuation (Rogers and Nehnevajsa, 1984).
Newcomers may be more likely to decide on evacuation first to alley their “reflexive fears”
and later make other decisions.
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3.3.1.2 Hypotheses Related to Making Accommodation Decision First. Four
hypotheses are explored in relation to making accommodation decision first, as explained
below:
H4. Number of household members over 65 years old positively associates with making the
accommodation type decision first.
Morrow and Enarson (1996) demonstrated that some elderly household members
were forced to lodge at a service station because their families did not want them or could
not cope with them during the evacuation. Also, elderly household members who live alone
have been found to have strong bonds with their pets (Benson, 2006). Yin, Murray-Tuite,
and Gladwin (2014b) reported a negative correlation between the accommodation choice
of peers (friends/relatives) and pets. This suggests that elderly household members who are
concerned about an accommodation facility where they and their pets would be welcomed
may be more likely to decide on accommodation type first.
H5. Having the financial resources to cope with natural disasters negatively associates
with making the accommodation type decision first.
Wu, Lindell, and Prater (2012) estimated that on average, evacuating households
from Texas and Louisiana spent $405 on lodging for each of Hurricanes Katrina and Rita.
However, cost of lodging may not be an impediment for households who have financial
resources to help them cope with disasters. Such a household may make the evacuation
decision first and later on decide on an accommodation type.
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H6. Extent of concern about death or injury to a household member negatively associates
with making the accommodation type decision first.
Increased storm intensity and household risk characteristics (e.g., dwelling in a
mobile home and living close to the coast) increase households’ perceived risk of injury
and death from a hurricane (Whitehead, 2003), with housing type being a significant
predictor of accommodation type (Smith & McCarty, 2009; Whitehead et al., 2000; Yin et
al. 2014a). Other studies (e.g., Baker, 1991; Dow & Cutter, 1998; Dash, 2002; Perry, 1994)
found risk perception to be a strong and consistent predictor of evacuation. We anticipate
that households would decide first on evacuation and a safer destination where they
anticipate that their risk of death and injury would be minimized before they decide on
accommodations, especially when the main benefit of evacuation is personal risk reduction
(e.g., Whitehead, 2003; Solis, Thomas, & Letson, 2009; Lindell, Murray-Tuite, Wolshon,
& Baker, 2019).
H7. Being married negatively associates with making the accommodation type decision
first.
Wu et al. (2012) and Alawadi (2019) reported that married evacuees were more
likely to have larger household sizes, with household size being a predictor of
accommodation type (Smith & McCarty, 2009). However, married evacuees may have
vulnerable household members such as children (Alawadi et al., 2020; Thompson, Garfin,
& Silver, 2017) who need to be protected, which may lead to their selection of evacuation
first and other decisions (e.g., safer destination and departure timing) before they choose
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accommodations. Therefore, married couples are expected to be less likely to select
accommodations first.
3.3.1.3 Hypotheses Related to Making the Evacuation Decision Only or the
Simultaneous Decision of Evacuation and Other Decisions. Three hypotheses are
explored here:
H8. Certainty about the location of hurricane impact positively associates with the
evacuation decision only.
Certainty about the location of hurricane impact can influence a household’s
decision to evacuate or stay. Those who are certain that the impact location will be
sufficiently far from their location may choose to stay while those who are certain that the
impact location will be relatively close to them could continue to evaluate their risk and
the protective actions available to them. Huang, Lindell, and Prater (2016) found that
households living in at-risk areas were more likely to evacuate from Hurricanes Katrina
and Rita if they believed or were certain that they would be impacted if the hurricane hit
their community. Additionally, Lindell et al. (2019) (and references therein) indicated that
households are likely to evacuate if they believe that they are in danger from a hazard and
evacuation would minimize the danger. Such households may choose evacuation (only)
first to minimize their exposure to the hurricane and its impacts (e.g., wind, surge, flooding)
and later plan the details (such as the safest route to get them to their destination).
H9. Extent of concern about disruption to utility services (e.g., electricity) positively
associates with making a simultaneous decision of evacuation and other decisions.
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Huang et al. (2016) found that expected wind impacts (e.g., disruption to utility
services) was a significant predictor of the evacuation decision for Texas and Louisiana
residents who evacuated during Hurricanes Katrina and Rita. Similarly, Kratovil (2012)
reported that Hurricane Sandy evacuees from New Jersey evacuated due to a lack of
electricity, heat and food. Burger, Gochfeld, Jeitner, Pittfield, and Donio (2013) contended
that due to power outages, Hurricane Sandy evacuees could not receive the needed
information or communication about where to evacuate, how to get to their destinations,
and when they needed to return to their community. We anticipate that households who
have such concerns are more likely to make a simultaneous decision of evacuation and a
destination where they would not experience power outages.
H10. Having a peer (friend/relative) living in the final destination positively associates
with selecting the simultaneous decision of evacuation and other decisions.
Previous evacuation studies (e.g., Whitehead et al., 2000; Bian et al., 2019; Lindell
et al., 2011) reported that most evacuees stay with their peers during evacuation, as
compared to commercial establishments and public shelters. Horney, MacDonald, Van
Willigen, and Kaufman (2012) indicated that evacuees look to their peers for support
during an emergency, with such evacuees deciding to evacuate to peers’ homes rather than
public shelters (Moore et al., 2004). Therefore, we hypothesize that households who have
peers living in their final destinations are more likely to make a simultaneous decision (e.g.,
evacuation and destination of where the peer lives).
3.4 Data
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This study used post-Hurricane Matthew (2016) survey data. During summer and
fall 2017, the survey was mailed to 5,000 randomly selected households in the Jacksonville,
Florida Metropolitan Area, using the standard four-wave procedure suggested by Dillman,
Smyth, and Christian (2014). The survey gathered responses to questions regarding their
evacuation behaviors, social networks, information sources, certainty factors, and sociodemographic characteristics.
As part of the evacuation behavior block of questions, households were asked to
indicate the order in which they made evacuation-related decisions. Specifically, they were
asked: “In what sequence did you make the following travel-related decisions? Please
indicate next to the decision starting with 1 for the first decision. If you made some
decisions at the same time, assign them the same number.” Six types of decisions were
provided: (i) evacuation, (ii) departure time, (iii) accommodations (public shelter,
friend/relative’s home, hotel/motel, etc.), (iv) evacuation destination (city/town), (v)
evacuation travel mode (private vehicle, public transit, ride with someone else), and (vi)
evacuation route (roads used).
Overall, 588 valid responses were received, with only 202 households reporting to
have selected at least one of the decisions provided above as their first decision. However,
due to missing observations, only 141 observations were used for this study.
Comparing the 141 observations to census reports (United States Census Bureau,
2018), certain demographic characteristics of the population such as individuals with
higher education, higher income, females, and those who are over 65 years old were
oversampled (as shown in Appendix 3.A), possibly due to the low response rate or spatial
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bias (number of surveys sent to each zip code and the responses received). To make the
sample better match the population, we employed rake weighting (Cohen, 2008). After
rake weighting, the sample becomes a better reflection of the population and can be used
to make appropriate inferences about the population (Andersen and Fricker, 2015). Three
demographic variables that were not highly correlated were used for weighting (Mercer et
al., 2018): age group (18 through 44, 45 through 59, and 60 +), gender (male or female),
and education level (four-year college degree or lack thereof). Total bias reduction was
estimated by using two other demographic variables (income and marital status) that were
not used in the weighting process. Overall, rake weighting reduced the bias from 14% to
9% (as shown in Appendix 3.B).
Descriptive statistics of variables used for this study are shown in Table 3.1.
3.5 Methodology
Discrete choice models (e.g., multinomial logit (MNL) and nested logit model
(NLM)) have been used to model datasets where a finite set of alternatives exists from
which households choose an option (Ortúzar and Willumsen, 2011). MNL is the simplest
and most widely used discrete choice model (Domencich and McFadden, 1977). However,
MNL assumes that the disturbance (error) terms are independently and identically
distributed (IID) (Washington, Karlaftis, & Mannering, 2011; Koppelman and Bhat, 2006).
An additional assumption (independence of irrelevant alternatives – IIA) indicates that the
relative probability of selecting an alternative is unaffected by the presence or absence of
an additional choice. If the IIA assumption is violated, inconsistent parameter estimates
may arise (Washington et al., 2011).
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To determine whether the IIA assumption was violated, the Hausman-McFadden
(HM) Test statistic was computed. The HM Test is based on the null hypothesis that the
odds between a pair of alternatives are independent of other alternatives (Hausman and
McFadden, 1984). This test was then carried out using the unrestricted MNL model and a
restricted MNL model as shown in Eq. (3.1) (Greene, 2002).

Q  [br  bu ][Vr  Vu ]1[b r bu ]

(3.1)

where br and bu are the vectors of coefficients for the restricted and unrestricted models and
Vr and Vu are the asymptotic covariance matrices for the restricted and unrestricted models,
respectively. Q is chi-squared distributed with degrees of freedom equal to the number of
coefficients eliminated in the restricted model. Once the IIA assumption is violated, a
modeling technique (e.g., NLM) that overcomes the IIA limitation is needed.
NLM allows grouping alternatives or choices that share the same unobserved
effects into the same nest (Washington et al., 2011). The appropriate nesting structure for
our dataset after several trials1 is shown in Figure 3.1 where EvacOnly and EvacSim were
grouped into the same nest known as EvacFirst. The structure of a nested logit model with
regard to household n making first decision i is given by Eqs. (3.2) to (3.4) (Washington et
al., 2011):

Pn (i) 

Exp ( i X in  i LSin )
I Exp ( I X In  I LSIn )

1

(3.2)

Several nesting structures were tested. However, only the appropriate structure that best models our dataset
is presented.
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Pn ( j | i ) 



Exp(  j|i X n )
Exp(  J |i X Jn )
J

LSin  LN ( J Exp(  J |i X Jn ))

(3.3)

(3.4)

where J is the conditional set of outcomes (conditioned on i), and I is the unconditional
set of outcomes (the three branches of the upper nest in Figure 3.1), Pn (i) is the
unconditional probability of household n selecting the first decision i, Pn (j|i) is the
probability of household n selecting outcome j conditioned on the outcome being in
outcome category i (per the nested structure shown in Figure 3.1, the outcome category i
is EvacFirst), βi is the vector of estimable parameters for outcome i, βI is the vector of
estimable parameters for unconditional set of outcomes I, βj|i is the vector of estimable
parameters for outcome j conditioned on being in outcome category i, βJ|i is the vector of
estimable parameters for conditional set of outcomes J (conditioned on i), Xin is a vector of
factors that influence the selection of outcome category i for household n, XIn is a vector of
factors for the unconditional set of outcomes I for household n, XJn is a vector of factors
that is associated with the conditional set of outcomes J for household n, Xn is the vector
of factors associated with household n, LSin is the inclusive value (logsum) for household
n selecting unconditional outcome i,  i is an estimable parameter for unconditional
outcome i, and LN is natural logarithm. Therefore, the unconditional probability of
household n having outcome j is given by Eq. (3.5) (Washington et al. 2011).

Pn  j   Pn  i   Pn  j | i 

(3.5)

Nlogit version 6.0 was used to estimate the NLM by simultaneously estimating all
the nests using full-information maximum likelihood (Washington et al., 2011). The model
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was estimated by assigning explanatory variables to each alternative based on prior
literature on hurricane evacuation and the stated hypotheses. Non-significant variables
were manually removed from the model using a backward elimination method if the pvalue was 0.05 or more. The NLM model estimated only had significant variables with a
correlation factor (see Table 3.2) of 0.4 or less. Intercorrelations among variables was
estimated using the point-biserial method.
The NLM model was then assessed to check if the nested structure was valid.
Washington et al. (2011), Greene (2002), and Koppelman and Bhat (2006) indicated that a
nested structure is validated if the inclusive value parameter is statistically different from
zero and one, and it should lie within the interval (0, 1), which implies that there is nonzero correlation between pairs of alternatives in the nest. Additionally, the likelihood ratio
test (LR) as given by Eq. (3.6) (Washington et al., 2011) was used to test the null hypothesis
that the MNL is the true model or all the logsum parameters are equal to 1.

LR  2[ LL(  MNL )  LL(  Nested )]

(3.6)

where LL (βMNL) is the log-likelihood at convergence for the multinomial logit model, and
LL (βNested) is the log-likelihood at convergence for the nested logit model. LR is χ2
distributed with degrees of freedom equal to the difference in the number of restrictions
between the NLM and MNL (number of logsum parameters) (Koppelman and Bhat, 2006).
Other goodness of fit measures such as adjusted ρ2 were also used to assess the overall
goodness of fit of the nested logit model estimated.
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Figure 3.1: Nested Logit Structure for Evacuation-Related First Decisions
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Table 3.1: Descriptive Statistics of Variables (Unweighted)
Variable
[EvacFirst]a
Dependent
Variables

[EvacOnly]a
[EvacSim]a
[AccoFirst]a
[OthersFirst]a
[Female]a
[Married]a
Elders
[FinRes]b
[Peer/Friend]a

Explanatory
Variables
[NevLive]a
[EvacHit]a
[WaterDam]b
[ConInj]b

Description

Mean

Standard
Deviation

1.00

0.66

0.48

1.00

0.48

0.50

1.00

0.18

0.39

1.00

0.12

0.33

1.00

0.22

0.41

1.00
1.00

0.61
0.68

0.49
0.47

3.00

0.58

0.78

100.00

71.57

31.31

1.00

0.74

0.44

1.00

0.29

0.46

1.00

0.10

0.30

100.00

45.75

35.50

100.00

31.76

32.05

Minimum Maximum

Whether the household made evacuation decision
0.00
first
Whether the household chose evacuation only
0.00
first
Whether the household made simultaneous
0.00
decision for evacuation and other decisions first
Whether
the
household
decided
on
0.00
accommodation type first
Whether the household decided on other
0.00
decisions first
Household Characteristics
Whether householder’s gender is female
0.00
Whether householder is married
0.00
Number of household members above 65 years of
0.00
age
Extent to which household has financial resources
0.00
for disasters
Whether household has a peer/friend in their final
0.00
destination
Hurricane Experience
Whether household had previously lived in a
community that was never advised to evacuate
0.00
from a hurricane
Whether household previously evacuated from a
0.00
hurricane and the hurricane hit their community
Evacuation Impediments
Extent of concern about major damage to home
0.00
from water (storm surge or inland flooding)
Extent of concern about death or injury to oneself
0.00
or members of their household
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Extent of concern about disruption to one’s utility
0.00
100.00
61.75
30.06
services (e.g., electricity)
Certainty Factor
[CerLoc]b
Certainty about location of hurricane impact
0.00
100.00
63.95
27.98
Information-Related Characteristics
Whether
voluntary
evacuation
notice was
[VolNote]a
0.00
1.00
0.21
0.41
received
a
Note: Other decisions include deciding on destination first, evacuation route first, travel mode first, and departure time first. Indicator
variable which takes on “1” if the statement is true; b Linearly transformed variables based on the Likert-scale (0% = not at all, 25% =
slightly, 50% = moderate, 75% = great, 100% = very great.
[UtiSer]b
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Table 3.2: Intercorrelations among Variables
Variable
1. Female
2. Married
3. Elders
4. FinRes
5. Peer
6. NevLive
7. EvacHit
8. WaterDam
9. ConInj
10. UtiSer
11. CerLoc
12. VolNote
13. EvacFirst
14.EvacOnly
15. EvacSim
16. AccoFirst
17. Others

1

2

3

-.21a
-.05
-.06
-.04
.04
-.09
.21a
.11
.17b
.06
-.10
.01
.01
.01
.01
-.02

.11
.18b
-.09
.07
.03
-.05
.12
-.08
.14
.13
.08
.17b
-.13
-.21a
.08

.07
-.07
-.07
.00
-.27a
.02
-.27a
.10
.02
.17b
.04
.16b
-.12
-.10

4

5

.01
-.02
-.05
-.12
.00
-.09
.07
-.12
.03
.13
-.15
-.14
.07

-.13
.15b
-.13
-.05
-.01
.06
-.01
-.08
-.08
.01
.15b
-.04

6

-.25a
-.05
.11
.01
.01
-.07
-.04
-.06
.02
.02
.03

7

8

9

10

11

12

13

14

15

16

.11
.04
.04
.06
.04
.09
.07
.01
.01
-.10

.35a
.30a
.09
-.05
-.05
-.05
.00
-.04
.09

.06
.12
.00
-.06
-.02
-.04
-.01
.08

-.09
-.03
-.08
-.03
-.06
.10
.02

.04
-.04
-.02
-.02
-.02
.06

-.01
-.05
.06
-.03
.03

.69a
.34a
-.52a
-.73a

-.45a
-.36a
-.50a

-.18b
-.25a

-.20a

Note: a∼p < 0.01; b∼p < 0.05
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Table 3.3: Multinomial and Nested Logit Models for Evacuation-Related First Decisions
Multinomial Logit Model
Choice

EvacFirst

AccoFirst

OthersFirst
EvacOnly
EvacSim

Variable

Coefficient

Female
WaterDam
VolNote
NevLive
Married
ConInj
FinRes
EvacHit
Elders
Constant
UtiSer
CerLoc
Peer
Constant

1.250***
0.007*
-0.021
-0.621*
-2.756***
-0.015*
-0.020**
-2.350*
0.930**
-0.2409***
-0.011*
0.018**
-2.738***
-3.009***

Number of Observations
Log-Likelihood at
Convergence
Restricted Log-Likelihood
ρ2
Adjusted ρ2
Inclusive Value Parameter
(p-value)
χ2 statistic
Prob > χ2

Nested Logit Model
Standard
Nest
Choice
Error
0.338
0.004
EvacFirst
0.425
0.354
0.634
0.008
Upper
0.010
AccoFirst
1.249
0.473
0.622
OthersFirst
0.006
0.007
EvacOnly
Lower
0.599
0.639
EvacSim
Summary of Goodness of Fit Measures
141

-147.674

Variable

Coefficient

Female
WaterDam
VolNote
NevLive
Married
ConInj
FinRes
EvacHit
Elders
Constant
UtiSer
CerLoc
Peer
Constant

1.266***
-0.020***
-1.449***
-1.497***
-4.003***
-0.020**
-0.070***
-2.687**
1.455***
-3.912***
-0.022**
0.027**
-4.643***
-5.054***

141
-125.730

-213.238
0.307
0.251

0.410
0.354

n/a

0.379 (<0.001)
43.888
<0.001
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Standard
Error
0.438
0.007
0.527
0.423
0.696
0.010
0.009
1.286
0.512
0.734
0.010
0.011
1.591
1.774

Note: Hypotheses variables are in italics; n/a = not applicable; ***∼p < 0.01; **∼p < 0.05; *∼p < 0.1. Other nesting structures were explored.
However, the structure that likely fits the data well is the one presented above
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3.6 Results and Discussion
Appendix 3.C shows the results of the unrestricted and restricted MNL models. The
value of Q (equation 3.1) was 33.094, with degrees of freedom of freedom equal to 5, which
yielded a p-value of <0.001. The IIA assumption was violated and an NLM was used.
Table 3.3 shows the estimation results. Independent variables were selected based
on prior literature and the stated hypotheses. The NLM only has variables that were
statistically significant at the 0.05 (95% confidence) level. Additional variables were
explored but were highly correlated (0.4 or more) with those shown in Table 3.2, and as
such were not used. The inclusive value parameter was 0.379 which indicated that the
nested structure was warranted. Additionally, the likelihood ratio test indicated the NLM
model was preferred. The adjusted ρ2 value also suggested excellent goodness of fit
(McFadden, 1977).
As shown in Table 3.3, for the upper nest, nine variables were statistically
significant. These variables included female (gender), extent of concern about damage to
the home from water, receiving a voluntary evacuation notice, previously living in a
community that was never advised to evacuate from a hurricane, being married, extent of
concern about death or injury to a household member, extent of having the financial
resources to cope with disasters, previously evacuating and the hurricane hit their
community, and the number of household members above 65 years old. With regard to the
lower nest, the variables corresponded to EvacOnly, given that EvacFirst was chosen first,
as EvacSim was used as the base case. As shown in Table 3.3, three variables were
statistically significant: certainty about location of hurricane impact, households who have
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peers living in their final destinations, and extent of concern about disruption to utility
services.
Marginal effects presented in Table 3.4 are used in the discussion of sections 3.6.1
(upper nest) and 3.6.2 (lower nest). For the discussion of continuous variables that were
linearly transformed (based on Likert-type scale: 0% -not at all; 25% -slight; 50% moderate; 75% -great; 100% -very great), their marginal effects are multiplied by 25 to
reflect a 25% increase or decrease in the corresponding variable.
Table 3.4: Marginal Effects of Evacuation-Related First Decisions Variables
Variable
AccoFirst
OthersFirst
EvacOnly
EvacSim
Female
-5.8%
-14.5%
14.8%
5.6%
WaterDam
2.3%
5.8%
-6.0%
-2.3%
VolNote
6.7%
16.7%
-17.0%
-6.4%
NevLive
6.9%
17.2%
-17.5%
-6.6%
Married
-24.3%
5.8%
13.7%
4.8%
ConInj
-3.0%
0.8%
1.8%
0.5%
FinRes
-4.0%
1.0%
2.3%
0.8%
EvacHit
-16.3%
3.9%
9.2%
3.2%
Elders
8.8%
-2.1%
-5.0%
-1.7%
UtiSer
0.8%
1.8%
-6.8%
4.5%
CerLoc
-0.8%
-2.0%
8.5%
-5.5%
Peer
6.0%
14.6%
-58.2%
37.6%
3.6.1 Upper nest
The upper nest is composed of three alternatives, with OthersFirst used as the base
case.
For the EvacFirst alternative, four variables were statistically significant (see Table
3.3). Because EvacFirst is composed of EvacOnly and EvacSim, marginal effects for both
EvacOnly and EvacSim are used for the discussion of the variables that appear in the
EvacFirst branch.
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From Tables 3.3 and 3.4, one variable, being female, had a positive effect on
EvacFirst, failing to reject hypothesis 1. Being female increased the likelihood of selecting
the EvacOnly decision by 14.8% and the EvacSim decision by 5.6% in the EvacFirst
branch. Females often perceive their residence to be at a greater risk than males (Bateman
and Edwards, 2002; Whitehead et al. 2000), with Peacock, Brody, and Highfield (2005)
reporting that female (gender) is a statistically significant predictor of risk perception.
Higher risk perception levels could lead women to exigently select a protective action
(evacuation) to minimize the imminent threat and subsequently address other details.
Additionally, women are more likely to have evacuation plans (Bateman and Edwards,
2002; Whitehead et al., 2000), which could be useful in such decision making, as they
could aid in quickly and efficiently getting one out of danger (Insurance Information
Institute, 2020).
As shown in Table 3.3, extent of concern about damage to the home from water has
a negative effect on EvacFirst. According to Table 3.4, an increase in this concern
decreased the likelihood of choosing EvacOnly by 6% and EvacSim by 2.3% in the
EvacFirst branch for a 25% increase in concern, aligned with hypothesis 2. Households
may be more interested in selecting a safe (and uncongested) route (Lindell and Perry,
2012; Sadri et al., 2014b) that can be used to reach accommodations at a destination that
may not be impacted by water damage (or where their properties would be safe) (Sorensen
and Sorensen, 2007) as well as where casualties can be significantly minimized (Lindell
and Perry, 2003) before they finally decide on evacuation. In addition, such a household
may first want to address the details of an appropriate departure time that will enable them
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to leave their homes before they are damaged, which would help to avoid casualties
resulting from their home damage (Sadri et al., 2013).
Previously living in a community that was never advised to evacuate from a
hurricane had a negative effect on EvacFirst. Such households had a 17.5% and 6.6% lower
probability of selecting the EvacOnly and EvacSim decision, respectively, in the EvacFirst
branch, as compared to households who have previously been advised to evacuate. The
results reject hypothesis 3, as the parameter sign was directly opposite that hypothesized.
Even though newcomers are more likely to evacuate than long-time residents who have
adjusted to the hurricane “culture” (Windham et al., 1977), their lack of storm experience
and overestimation of actual risk (Whitehead et al., 2000) due to multiple messages
received about the storm (Lindell and Perry, 2003) may prompt them to first decide on a
safer destination (such as their previous community that was never advised to evacuate
from hurricanes) and when to leave so that they can safely reach their destinations before
the hurricane makes landfall. Newcomers who do not own a personal vehicle may be more
concerned about finding alternative means of transportation (e.g., transit) and when this
mode of transportation may depart their community before they finally decide on
evacuation.
Receiving a voluntary evacuation notice had a negative effect on EvacFirst.
Receiving such a notice decreased the likelihood of deciding on EvacOnly by 17% and
EvacSim by 6.4% in the EvacFirst branch, as compared to households who did not receive
a voluntary notice. Possibly, receiving such a notice may prompt households to start
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assessing potential destinations and safe routes that could be used should situations escalate
or the impending threat becomes more imminent before they decide on evacuation.
As shown in Table 3.3, five variables were statistically significant in the AccoFirst
utility expression.
The number of household members above 65 years old had a positive effect on
AccoFirst (Table 3.3). Per Table 3.4, having an additional household member above 65
years old increased the likelihood of deciding on AccoFirst by 8.8%, aligned with
hypothesis 4. Contrary to Damera et al.’s (2019) report that older adults were more likely
to make a destination decision first before deciding on an accommodation type 2, Benson
(2015) suggested that older adults are more likely to have chronic health conditions,
impaired physical mobility and diminished sensory awareness, which may lead them to
decide on an accommodation facility where they would receive social support or care
before they decide on evacuating to the destination where such a facility is located. It could
also be that older adults who would want to evacuate with their pets decide on
accommodation type first, especially when Benson (2015) suggested that most shelters do
not allow pets. Moreover, Douglas, Kocatepe, Barrett, Ozguyen, and Gumber (2017)
reported that accommodation facilities not allowing older adults to stay with their pets
during evacuation is one of the reasons why they are less likely to evacuate.
Having the financial resources to cope with disasters had a negative effect on
AccoFirst (see Table 3.3). An increase in the extent of the household having these resources

2

The scope of Damera et al.’s (2019) study was restricted to examining only accommodation and destination
sequencing.
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decreased the probability of deciding on AccoFirst by 4% for a 25% increase in extent,
consistent with hypothesis 5. Households may be more likely to decide first on evacuating
to safer a destination to ensure the safety of their family members before they decide on an
accommodation type. Moreover, Smith and McCarty (2009), Wu et al. (2012) and Yin et
al. (2014b) found that those with higher income were more likely to either stay with a peer
or in a hotel, which suggests that households who may have the financial resources to cope
with disasters may not worry much about accommodation type since they can either stay
with a friend or in a hotel (as they have the resources to pay for hotel rooms).
From Table 3.3, extent of concern about the death or injury of a household member
had a negative effect on AccoFirst. An increase in the extent of concern about the death or
injury of a household member decreased the likelihood of selecting AccoFirst by 3% (see
Table 3.4) for a 25% increase in concern. As expected, hypothesis 6 was not rejected,
especially as seeking protective action (evacuation) has been found to be one of the
important ways of minimizing risk and injury (Solis et al., 2009; Lindell et al., 2019) and
the marginal effects indicate an increase in the likelihood of selecting evacuation first.
Apart from households deciding to evacuate to safer destination, they may be more likely
to assess the safest route that can be used to get to their destinations as well as when they
should leave their threatened community. Once they are out of their at-risk community
(Saunders and Senkbeil, 2017), they may finally decide in which accommodation facility
to lodge.
According to Table 3.3, being married had a negative effect on AccoFirst,
consistent with hypothesis 7. Married evacuees were 24.3% less likely to decide on
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AccoFirst, compared to evacuees who were unmarried. Even though married evacuees
(who may also have larger household sizes) were more likely to stay in well-constructed
accommodations during evacuation (e.g., hotels) (Wu et al., 2012; Lindell et al., 2011),
they may prefer to first make an assessment of whether evacuation may be the best
protective action to take (see marginal effects for evacuation being selected first),
especially when the spouses may both lose their income or they may have job requirements
during evacuation. In addition, they may prefer to seek safety for their vulnerable
household members (e.g., children and those with special medical needs) (Alawadi, 2019),
which may prompt them to decide on evacuation and a safer destination before they select
accommodations in their final destination.
As shown in Table 3.3, previously evacuating and the hurricane impacted their
community had a negative effect on AccoFirst. Households with such experience were
16.3% less likely to choose accommodations first, compared to households who did not
have that evacuation experience. Possibly, they prefer to first find a closer destination and
an alternative transportation route that may not be congested, especially if they experienced
congested roadways during their previous evacuation.
According to Table 3.4, seven variables had positive effects on OthersFirst. An
increase in concern about damage to the home from water and having financial resources
to cope with disasters increased the probability of deciding on OthersFirst by 5.8% and
1%, for a 25% increase in concern and extent, respectively. Married individuals were 6%
more likely to select OthersFirst. Those who received a voluntary evacuation notice were
16.7% more likely to select OthersFirst. An increase in the extent of concern about the
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death or injury of a household member increased the likelihood of selecting OthersFirst by
0.8% for a 25% increase in concern. Households who had previously evacuated and the
hurricane hit their community were 3.9% more likely to select OthersFirst, compared to
households who did not have such evacuation experience. Those who never lived in a
community that was advised to evacuate from a hurricane were 17.2% more likely to
choose OthersFirst, compared to households who have lived in communities advised to
evacuate.
The remaining two variables had negative effects on OthersFirst. Females were
14.5% less likely to decide on OthersFirst. Finally, an additional household member who
was above 65 years old decreased the probability of choosing OthersFirst by 2.1%.
3.6.2 Lower nest
The lower nest had two alternatives, with EvacSim being used as the base case.
As shown in Table 3.3, certainty about the location of hurricane impact had a positive effect
on EvacOnly. From Table 3.4, an increase in the certainty about location of hurricane
impact increased the probability of selecting EvacOnly by 8.5% for a 25% change in
certainty, failing to reject hypothesis 8. Greater certainty may have imparted confidence
that the hurricane would impact their community, prompting them to first select evacuation
only to avoid the impacts of the hurricane and later make other decisions such as travel
mode. Additionally, households’ information seeking process may have helped them to
better understand the severity, immediacy and duration of the threat (Lindell, 2000), which
may have necessitated their selection of evacuation as a protective action.
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Extent of concern about disruption to utility services had a negative effect on
EvacOnly, given that EvacFirst was selected initially (see Table 3.3). A 25% increase in
the extent of concern about disruption to utility services decreased the chances of deciding
on EvacOnly by 6.8%, given that EvacFirst was chosen first, failing to reject hypothesis 9.
Disruption to utility services is one of the severe impacts of a hurricane landfall (Lindell
and Perry, 2000). Households may have made a simultaneous decision of evacuation and
a destination that may not experience utility disruptions, especially for households with
members who may need to telecommute or those whose medical care relies on electricity.
Even though Damera et al. (2019) reported that households who had such concerns were
more likely to make a sequential decision for destination and accommodation type, the
results in our study make a case for a simultaneous decision of evacuation and destination.
Our finding is consistent with that of Damera et al. (2019) since households may later
decide on accommodations after they first made a simultaneous decision of evacuation and
destination.
From Table 3.3, having a peer in the final destination had a negative effect on
EvacOnly, given that EvacFirst was selected. Households who had a peer living in their
final destination were 58.2% less likely to select EvacOnly, as compared to households
who did not have peers living in their final destinations, consistent with hypothesis 10.
Households may prefer to make a simultaneous decision of evacuation and a closer
destination where their peers live as well as the route to their peers’ homes. Moreover, such
peers may provide support (e.g., shelter and transportation), especially for households who
may have concerns regarding lodging and transportation costs.
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For the base case, EvacSim, two variables had positive effects (see Table 3.4).
Households who had peers living in their final destinations were 37.6% more likely to
select EvacSim, compared to households who did not have such peers. A 25% increase in
the extent of concern about disruption to utility services increased the chances of deciding
on EvacSim by 4.5%. The remaining variable, certainty about location of hurricane impact,
had a negative effect. A 25% increase in the certainty about location of hurricane impact
decreased the probability of selecting EvacSim by 5.5%.
3.7 Conclusions and Future Directions
This paper is one of the few to explore the factors associated with the sequencing
of household evacuation-related decisions. Specifically, this study investigated the factors
associated with household evacuation-related first decisions using post-Hurricane Matthew
(2016) survey data. Statistically significant variables in the nested logit model’s upper nest
included being female (gender), having concerns about water damage to the home,
receiving a voluntary evacuation notice, never living in a community that was previously
advised to evacuate from a hurricane, being married, having concerns about injury/death
of a household member, extent of having financial resources for disasters, previously
evacuating and the hurricane hit their community, and number of household members
above 65 years old. Statistically significant variables in the lower nest included certainty
about the location of hurricane impact, having concerns about the disruption to utility
services, and having peers in their final destinations.
While households would continue to gather additional information (e.g., change of
path and other characteristics of the hurricane relative to their location) which would aid
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them in prioritization of their evacuation-related first decisions, especially as the diameter
of Hurricane Matthew was 250 miles relative to the coast of Florida (Donegan, 2016), the
findings presented here give greater insights into how households initially make decisions
as a hurricane approaches. Knowing the order in which decisions are made could help
emergency managers plan for the initial phases of evacuation, such as estimating the
number of households who are likely to select the evacuation decision first. Those who
only decide on evacuation first may then seek additional information from emergency
managers and others about how to plan their logistics. They may also be more dynamic
with their plans and adjust to new information (this would have to be verified through new
research). Individuals who first seek accommodations could be of particular interest.
Choosing accommodations first suggests that their greatest concern is having a safe facility
that meets their needs. Clearly communicating accommodation options (and potentially
transportation to them) early in the evacuation notices could help this group of evacuees
with their decision-making and motivate them to take the recommended protective action.
Additionally, the findings presented in this study contribute to the overall knowledge base
of evacuation behaviors, thereby providing evacuation managers with more information
that may lead to the refinement of evacuation practices such as evacuating vulnerable
populations (e.g., helping the elderly and other vulnerable populations to effectively
evacuate to an accommodation facility where they would be well-received).
Our study’s finding of households making the simultaneous decision of evacuation
and other decisions (e.g., departure timing) in relation to having a peer in the final
destination suggests that households may prefer to stay closer to their peers, possibly for
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support during the emergency (Moore et al., 2004). Such support could entail providing
shelter, which is consistent with previous studies (e.g., Wu et al., 2012; Mesa-Arango et
al., 2013; Bian et al., 2019; Whitehead et al., 2000) which reported households’ preference
of peers’ home over commercial establishments and public shelters. This suggests that
emergency managers should encourage households to communicate with their peers in
advance to determine whether their peers have space to accommodate them, their
household members, and (possibly) pets, especially as Yin et al. (2014b) reported a
negative correlation between having pets and choice of peer’s home. Also, emergency
managers may need to improve upon hurricane-related information dissemination which
could lead to greater household certainty about the characteristics of the impending
landfall, and in turn, help households in their assessment of protective actions (Lindell and
Perry, 2012). Greater certainty could also be useful to households in their choices
associated with other evacuation-related first decisions (e.g., departure timing and safer
destination).
Lastly, households who initially are uncertain about the characteristics of the
hurricane and those who may have concerns regarding injury or death of a household
member, damage to the home from water, and disruption to utility services may rely on
receiving voluntary evacuation notices (or mandatory) and other information about the
hurricane to improve their certainty and to better understand the risks, which may prompt
them to urgently decide on evacuation and a safer destination. Certainty and risk perception
variables could be used for predicting both sequencing of decisions (e.g., evacuation
decision before departure timing) and protective action choices (decision to evacuate due
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to higher risk perception levels). The type of evacuation notice may be more nuanced and
voluntary/mandatory notices may be used differently. A voluntary notice may not have the
same urgency effect as a mandatory notice. Voluntary notices may be useful for sequencing
of decisions (e.g., assessment of a safer destination before an evacuation decision is made),
but receiving any type of evacuation notice increases the likelihood of evacuation.
However, prior studies (e.g., Hasan et al., 2011; Dixit et al., 2012; Fu et al., 2007) suggested
that mandatory notice has more effect on evacuation than a voluntary notice.
Due to limited observations for other evacuation-related first decisions such as
departure timing, destinations, mode choice and route selection, they were grouped
together as OthersFirst in our study. Future studies that have a larger number of
observations for each of the decisions embedded in OthersFirst could investigate the
influential factors associated with each decision. Such a dataset would also enable
researchers to explore the influential factors associated with OthersFirst simultaneous
decisions (e.g., destination and departure timing). With enough observations, full
sequences of decisions could be identified and modeled. Finally, future research could
explore if the factors associated with evacuation-related first decision of different hurricane
categories in different locations as well as other disasters (e.g., floods) share similar
findings with the influencing factors presented in this study.
Acknowledgements
This research was supported by the National Science Foundation (NSF) under
Grant CMMI-1520338, for which the authors are grateful. However, the authors are solely

74

responsible for the findings in this study. The support of David Marasco (Urban Planning
Department of Clemson University) is also acknowledged.
3.8 References
Akbarzadeh, M., and Wilmot, C. G. (2015). Time-dependent route choice in hurricane
evacuation. Natural Hazards Review, 16(2), 1–7.
Alawadi, R. J. M. (2019). Modeling of household evacuation decision, departure timing, and
number of evacuating vehicles from Hurricane Matthew (Doctoral Dissertation),
Clemson University, Clemson, SC, USA.
Alawadi, R., Murray-Tuite, P., Marasco, D., Ukkusuri, S., and Ge, Y. (2020). Determinants
of full and partial household evacuation decision making in Hurricane Matthew.
Transportation Research Part D, 83, 1-13.
Andersen, L., and Fricker, R. D. (2015). Raking: An important and often overlooked survey
tool. Phalanx (September 2015), 36-42.
Baker E. J. (1991). Hurricane evacuation behavior. International Journal of Mass
Emergencies and Disasters, 9, 287–310.
Bateman, J. M., and Edwards, B. (2002). Gender and evacuation: A closer look at why women
are more likely to evacuate for hurricanes. Natural Hazards Review, 3(3), 107–117.

75

Benson, W. F. (2006). CDC’s disaster planning goal: Protect vulnerable older adults. Centers
for Disease Control. <https://www.cdc.gov/aging/pdf/disaster_planning_goal.pdf>
(April 20, 2020).
Benson, W. F. (2015). Disaster planning tips for older adults and their families. Centers for
Disease Control and Prevention, 1–4.
Bian, R., Wilmot, C. G., Gudishala, R., and Baker, E. J. (2019). Modeling household-level
hurricane evacuation mode and destination type choice using data from multiple poststorm behavioral surveys. Transportation Research Part C: Emerging Technologies,
99, 130–143.
Burger, J., Gochfeld, M., Jeitner, C., Pittfield, T., and Donio, M. (2013). Trusted information
sources used during and after Superstorm Sandy: TV and radio were used more often
than social media. Journal of Toxicology and Environmental Health - Part A: Current
Issues, 76(20), 1138-1150.
Cohen, M. P. (2008). Raking. In: Encyclopedia of Survey Research Methods, SAGE
Publications Ltd., 672-673.
Damera, A., Gehlot, H., Ukkusuri, S., Murray-Tuite, P., Ge, Y., and Lee, S. (2019).
Estimating the sequencing of evacuation destination and accommodation type in
hurricanes. Journal of Homeland Security and Emergency Management, 1-12.

76

Dash, N. (2002). Decision-making under extreme uncertainty: Rethinking hazard related
perceptions and action. (Ph.D. Dissertation), Florida International University, North
Miami, Florida.
Dash, N. and Gladwin, H. (2007). Evacuation decision making and behavioral responses:
Individual and household. Natural Hazards Review, 8 (3), 69–77.
Dillman, D.A., Smyth, J.D., and Christian, L.M., (2014). Internet, phone, mail, and mixedmode surveys: The tailored design method, 4th Ed. Wiley Publishing Company.
Hoboken, NJ.
Dixit, V., Wilmot, C., and Wolshon, B. (2012). Modeling risk attitudes in evacuation
departure choices. Transportation Research Record, 2312 (1), 159–163.
Domencich, T. & McFadden, D., 1975. Urban travel demand: A behavioral approach, NorthHolland Publishing/American Elsevier Publishing, New York.
Donegan,

B.

(2016).

Matthew’s

jaw-dropping stats:

Nearly 250 miles wide.

https://weather.com/storms/hurricane/news/hurricane-matthew-by-the-numbers.
Assessed: July 15, 2021.
Douglas, R., Kocatepe, A., Barrett, A. E., Ozguven, E. E., & Gumber, C. (2017). Evacuating
people and their pets: Older Floridians’ need for and proximity to pet-friendly shelters.
The Journals of Gerontology. Series B, Psychological Sciences and Social Sciences,
74(6), 1032–1040.

77

Dow, K., and Cutter, S. L. (1998). Crying wolf: Repeat responses to hurricane evacuation
orders. Coastal Management, 26(4), 237–252.
Fu, H., Wilmot, C. G., Zhang, H., & Baker, E. J. (2007). Modeling the hurricane evacuation
response curve. Transportation Research Record, (2022), 94–102.
Fu, H., & Wilmot, C. G. (2004). Sequential logit dynamic travel demand model for hurricane
evacuation. Transportation Research Record, 2004(1882), 19–26.
Gehlot, H., Sadri, A. M., and Ukkusuri, S. V. (2019). Joint modeling of evacuation departure
and travel times in hurricanes. Transportation, 46, 2419-2440.
Golshani, N., Shabanpour, R., Mohammadian, A., Auld, J., and Ley, H. (2019). Analysis of
evacuation destination and departure time choices for no-notice emergency events.
Transportmetrica A: Transport Science, 15(2), 896–914.
Greene, W. H. (2002). Econometric analysis. 3rd Ed., Springer, New York, 958 pp.
Gladwin, C., Gladwin, H., & Peacock, W. G. (2001). Modeling Hurricane Evacuation
Decisions with Ethnographic Methods. International Journal of Mass Emergencies
and Disasters, 19, 117–143.
Hasan, S., Mesa-Arango, R., and Ukkusuri, S. (2013). A random-parameter hazard-based
model to understand household evacuation timing behavior. Transportation Research
Part C: Emerging Technologies, 27, 108–116.

78

Hasan, S., Ukkusuri, S., Gladwin, H., and Murray-Tuite, P. (2011). Behavioral model to
understand household-level hurricane evacuation decision making. Journal of
Transportation Engineering, 137(5), 341–348.
Hausman, J. and McFadden, D. (1984). Specification tests for the multinomial logit model
Econometrica, 52(5), 1219–1240.
Horney, J. A., MacDonald, P. D. M., Van Willigen, M., and Kaufman, J. S. (2012). The
importance of effect measure modification when using demographic variables to
predict evacuation. Risk, Hazards and Crisis in Public Policy, 3(1), 1–19.
Huang, S. K., Lindell, M. K., and Prater, C. S. (2016). Multistage model of hurricane
evacuation decision: Empirical study of Hurricanes Katrina and Rita. Natural Hazards
Review, 18(3).
Insurance Information Institute (2020). Five steps to preparing an effective evacuation plan <
https://www.iii.org/article/preparing-effective-evacuation-plan> (July 7, 2020).
Janis, I. L. (1962). Psychological effects of warnings. In: Man and Society in Disaster, D.
Chapman and G. Baker (Eds.), New York: Basic Books.
Koppelman, F. S., and Bhat, C. (2006). A self-instructing course in mode choice modeling:
Multinomial and nested logit models. Elements, 28(3), 501–512.
Kratovil, C. (2012). Drinking water problems cause evacuation of every dorm in New
Brunswick.

New

Brunswick

Today.

79

<http://newbrunswicktoday.com/article/

drinking-water-concerns-cause-rutgers- pull-students-out-new-brunswick> (April 18,
2020).
Lim, H. R., Lim, M. B. B., and Piantanakulchai, M. (2016). Determinants of household flood
evacuation mode choice in a developing country. Natural Hazards, 84(1), 507–532.
Lindell, M. K. (2000). An overview of protective action decision-making for a nuclear power
plant emergency. Journal of Hazardous Materials, 75, 113–129.
Lindell, M. K., and Perry, R. W. (2000). Household adjustment to earthquake hazard: A
review of research. Environment and Behavior, 32, 590-630.
Lindell, M. K., and Perry, R. W. (2003). Communicating environmental risk in multiethnic
communities. Sage Publications.
Lindell, M. K., and Perry, R. W. (2012). The protective action decision model: Theoretical
modifications and additional evidence. Risk Analysis, 32(4), 616–632.
Lindell, M. K., Kang, J. E., and Prater, C. S. (2011). The logistics of household hurricane
evacuation. Natural Hazards, 58(3), 1093–1109.
Lindell, M. K., Murray-Tuite, P., Wolshon, B. and E. Baker, E. J. (2019). Large-scale
evacuation: The analysis, modeling, and management of emergency relocation from
hazardous areas. CRC Press. New York.

80

Liu, S., Murray-Tuite, P., and Schweitzer, L. (2014). Incorporating household gathering and
mode decisions in large-scale no-notice evacuation modeling. Computer-Aided Civil
and Infrastructure Engineering, 29(2), 107–122.
McFadden, D. (1977). Quantitative methods for analyzing travel behavior of individuals:
some recent developments. Behavioral Travel Modelling, 279–318.
McFadden, D. (1981). Econometric models of probabilistic choice. In C. F. Mansksi & D. L.
McFadden (Eds.), Structural Analysis of Discrete Data with Econometric
Applications (pp. 198–272). Cambridge, MA: The MIT Press.
Mileti, D., Sorensen, J., Bogard, W., 1985. Evacuation decision-making: Process and
uncertainty.
<https://inis.iaea.org/collection/NCLCollectionStore/_Public/17/025/17025870.pdf>
(January 14, 2020).
Moore, S., Daniel, M., Linnan, L., Campbell, M., Benedict, S., and Meier, A. (2004). After
Hurricane Floyd passed. Family and Community Health, 27(3), 204–217.
Morrow, B. H. and Enarson, E. (1996). Hurricane Andrew through women’s eyes: Issues and
recommendations. International Journal of Mass Emergencies and Disasters, 14, 5–
22.

81

Mercer, A., Lau, A. & Kennedy, C. (2018). For weighting online opt-in samples, what matters
most?

Retrieved

at:

https://www.pewresearch.org/methods/2018/01/26/for-

weighting-online-opt-in-samples-what-matters-most/. Accessed: May 27, 2020
Mesa-Arango, R., Hasan, S., Ukkusuri, S. V., Murray-Tuite, P., 2013. Household-level model
for hurricane evacuation destination type choice using Hurricane Ivan Data. Nat.
Hazards Rev. 14(1), 11–20.
Ortúzar, J. de D., and Willumsen, L. G. (2011). Modelling transport. 4th Ed. John Wiley and
Sons Ltd, West Sussex, UK.
Peacock, W. G., Brody, S. D., & Highfield, W. (2005). Hurricane risk perceptions among
Florida’s single family homeowners. Landscape and Urban Planning, 73(2–3), 120–
135.
Perry, R. W. (1994). A model of evacuation compliance behavior. In R. R. Dynes and K. J.
Tierney (Eds.), Disasters, collective behavior, and social organization (pp. 85-98).
Newark, DE: University of Delaware Press.
Rogers, O. G. and Nehnevajsa, J. (1984). Behavior and attitudes under crisis conditions:
Selected issues and findings. <https://apps.dtic.mil/dtic/tr/fulltext/u2/a140078.pdf>
Accessed: June 08, 2020.

82

Sadri, A. M., Ukkusuri, S. V., and Gladwin, H. (2017). Modeling joint evacuation decisions
in social networks: The case of Hurricane Sandy. Journal of Choice Modelling, 25,
50–60.
Sadri, A. M., Ukkusuri, S. V., Murray-Tuite, P., and Gladwin, H. (2014a). Analysis of
hurricane evacuee mode choice behavior. Transportation Research Part C: Emerging
Technologies, 48, 37–46.
Sadri, A. M., Ukkusuri, S. V., Murray-Tuite, P., and Gladwin, H. (2014b). How to evacuate:
Model for understanding the routing strategies during hurricane evacuation. Journal
of Transportation Engineering, 140(1), 61–69.
Sadri, A. M., Ukkusuri, S. V., & Murray-Tuite, P. (2013). A random parameter ordered probit
model to understand the mobilization time during hurricane evacuation.
Transportation Research Part C: Emerging Technologies, 32, 21–30.
Sarwar, M. T., Anastasopoulos, P. C., Ukkusuri, S. V., Murray-Tuite, P., and Mannering, F.
L. (2018). A statistical analysis of the dynamics of household hurricane evacuation
decisions. Transportation, 45, 51–70.
Saunders, M. E., and Senkbeil, J. C. (2017). Perceptions of hurricane hazards in the midAtlantic region. Meteorological Applications, 24, 120–134.

83

Siebeneck, L. K., and Cova, T. J. (2012). Spatial and temporal variation in evacuee risk
perception throughout the evacuation and return-entry process. Risk Analysis, 32(9),
1468–1480.
Smith, S. K., and McCarty, C. (2009). Fleeing the storm(s): An examination of evacuation
behavior during Florida’s 2004 hurricane season. Demography, 46(1), 127–145.
Solis, D., Thomas, M., and Letson, D. (2009). Determinant of household hurricane evacuation
choice in Florida. Journal of Development and Agricultural Economics, 2, 188–196.
Sorensen, J. H., and Sorensen, B. V. (2007). Community processes: Warning and evacuation.
In H. Rodriguez, E. L. Quarantelli & R. R. Dynes (Eds.), Handbook of disaster
research (pp. 183-199). New York, USA: Springer Nature.
Terpstra, T., and Lindell, M. K. (2013). Citizens’ perceptions of flood hazard adjustments:
An application of the protective action decision model. Environment and Behavior,
45(8), 993–1018.
Thompson, R. R., Garfin, D. R., and Silver, R. C. (2017). Evacuation from natural disasters:
A systematic review of the literature. Risk Analysis, 37(4), 812–839.
Washington, S., Karlaftis, M. G., and Mannering, F. L. (2011). Statistical and econometric
methods for transportation data analysis. 2nd Ed., CRC Press, Boca Raton, FL.
Whitehead, J. C. (2003). One million dollars per mile? The opportunity costs of Hurricane
evacuation. Ocean and Coastal Management, 46, 1069–1083.

84

Whitehead, J. C., Edwards, B., Van Willigen, M., Maiolo, J. R., Wilson, K., and Smith, K. T.
(2000). Heading for higher ground: Factors affecting real and hypothetical hurricane
evacuation behavior. Environmental Hazards, 2(4), 133–142.
Windham, G. O., Posey, E. I., Ross, P. J., and, and Spencer, B. G. (1977). Reactions to storm
threat during Hurricane Eloise. < https://tamug-ir.tdl.org/handle/1969.3/26985 >
Accessed: July 25, 2020.
Wong, S. D., Pel, A. J., Shaheen, S. A., and sChorus, C. G. (2020). Fleeing from hurricane
Irma: Empirical analysis of evacuation behavior using discrete choice theory.
Transportation Research Part D: Transport and Environment, 79, 1-16.
Wu, H. C., Lindell, M. K., and Prater, C. S. (2012). Logistics of hurricane evacuation in
Hurricanes Katrina and Rita. Transportation Research Part F: Traffic Psychology and
Behavior, 15(4), 445–461.
Yang, H., Morgul, E. F., Ozbay, K., & Xie, K. (2016). Modeling evacuation behavior under
hurricane conditions. Transportation Research Record, 2599(2599), 63–69.
Yin, W., Murray-Tuite, P., and Gladwin, H. (2014b). Statistical analysis of the number of
household vehicles used for Hurricane Ivan evacuation. Journal of Transportation
Engineering, 140(12), 1–10.

85

Yin, W., Murray-Tuite, P., Ukkusuri, S. V., and Gladwin, H. (2014a). An agent-based
modeling system for travel demand simulation for hurricane evacuation.
Transportation Research Part C: Emerging Technologies, 42, 44–59.
3.9 Appendix 3.A
Table 3.5: Demographic Characteristics of the Sample obtained and the 2016
Population of Jacksonville, FL
Variable

Category

Population

Sample

a

Absolute
Bias

a

Average
Absolute
Bias

18 to 44
0.50
0.19
0.31
Age group
45 to 59
0.26
0.29
0.03
0.21
60 +
0.24
0.52
0.28
Male
0.48
0.61
0.13
Gender
0.13
Female
0.52
0.39
0.13
Married
0.46
0.68
0.22
Marital Status
0.22
Not married
0.54
0.33
0.22
Not college educated
0.73
0.33
0.40
Education
0.40
Level
College educated
0.27
0.67
0.40
Less than $15000
0.12
0.06
0.06
$15,000 to $30,000
0.15
0.10
0.05
$30,000 to $45,000
0.16
0.11
0.05
Annual
0.05
Income
$45,000 to $60,000
0.14
0.15
0.01
$60,000 to $100,000
0.24
0.27
0.03
Over $100,000
0.19
0.31
0.12
Note: Marginal Population Totals were obtained from United States Census Bureau (2018);
a
Absolute value of the bias is presented and is shown as a proportion in percentage (%).
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3.10 Appendix 3.B
Table 3.6: Bias Estimation after Rake Weighting
Marital
Status
Married
Not
Married

a

Population

Unweighted

0.46

0.68

Initial
Absolute
Bias
0.22

0.54

0.33

0.22

a

0.62

Weighted
Absolute
Bias
0.16

0.38

0.16

Weighted

Change
in Bias
-0.06
-0.06

0.22
0.16
-0.06
a
Absolute
Weighted
Annual
Change
Population Unweighted
Initial
Weighted
Absolute
Income
in Bias
Bias
Bias
1
0.12
0.06
0.06
0.09
0.03
-0.03
2
0.15
0.10
0.05
0.16
0.01
-0.04
3
0.16
0.11
0.05
0.13
0.03
-0.02
4
0.14
0.15
0.01
0.15
0.01
0.00
5
0.24
0.27
0.03
0.28
0.04
0.01
6
0.19
0.31
0.12
0.20
0.01
-0.11
0.05
0.02
-0.03
Average
0.14
0.09
-0.05
Overall
Note: aAbsolute value of the bias is presented and is shown as a proportion in percentage (%).
Average

a

87

3.11 Appendix 3.C
Table 3.7: MNL Results for both Restricted and Unrestricted Models
Unrestricted MNL Model

Restricted MNL Model

Standard
Variable
Error
Female
1.250***
0.338
Female
*
WaterDam
0.007
0.004
WaterDam
EvacFirst
VolNote
-0.021
0.425
VolNote
*
NevLive
-0.621
0.354
NevLive
***
Married
-2.756
0.634
Married
ConInj
-0.015*
0.008
ConInj
**
AccoFirst
FinRes
-0.020
0.010
FinRes
*
EvacHit
-2.350
1.249
EvacHit
Elders
0.930**
0.473
Elders
***
OthersFirst
Constant
-0.2409
0.622
Constant
*
UtiSer
-0.011
0.006
UtiSer
EvacOnly
CerLoc
0.018**
0.007
CerLoc
Peer/Friend
-2.738***
0.599
Peer/Friend
EvacSim
Constant
-3.009***
0.639
Constant
Summary of Goodness of Fit Measures
Number of Observations
141
Log-Likelihood at Convergence
-147.674
Q value
33.094
Prob > Q
<0.001
Note: ***∼p < 0.01; **∼p < 0.05; *∼p < 0.1
Choice

Variable

Coefficient
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Coefficient
-1.945***
0.014
1.108
1.637**
n/a
n/a
n/a
n/a
n/a
0.674
-0.007
-0.009
2.726***
-0.359
91
-77.573

Standard
Error
1.451
0.011
0.852
0.852
n/a
n/a
n/a
n/a
n/a
1.093
0.008
0.008
0.786
1.451
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4.1 Abstract
The main objective of this paper is to explore the effect of both risk perception and
perceived certainty on each other and the effect of these two variables on the evacuate/stay
decision. Post-Hurricane Matthew (2016) survey data gathered from households in the
Jacksonville Metropolitan Area, Florida was used with structural equation modeling for
this investigation. Two latent variables were created – risk perception and perceived
certainty about evacuation logistics. Such a modeling technique also allowed us to identify
the factors that were associated with the two latent variables created. Both risk perception
and perceived certainty about evacuation logistics were positively associated with the
choice to evacuate. In addition, household size and those with greater perceived certainty
about the location of hurricane impact had a decreased likelihood of selecting evacuation.
Factors associated with risk perception include females, those living closer to water bodies,
and previously evacuating from hurricanes, which had positive effects on risk perception
while scientific risk (living in an evacuation zone where an evacuation order was in effect)
was not a significant predictor. With regard to the factors associated with perceived
certainty about evacuation logistics, consistency of information received about the
hurricane, and greater understanding of hurricane related graphics/maps had positive
effects on perceived certainty about evacuation logistics. The findings suggest that some
factors that were previously thought to be de directly associated with evacuation decision
may be mediated by risk perception and perceived certainty about evacuation logistics.
Overall, the findings can be used in the prediction of households’ evacuation behavior.
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Keywords: Risk perception, perceived certainty, evacuate/stay decision, structural
equation modeling, Hurricane Matthew
4.2 Introduction
Hurricane evacuations are becoming increasingly problematic for coastal
communities, especially those along both the Atlantic and Gulf coasts, due to the growing
population as well as the substantial and recurring risks associated with hurricanes (Lazo
et al., 2015; Burnside, 2016). The process of households deciding to either evacuate or stay
during a hurricane is a complex one. Lazo et al. (2015), Dash and Gladwin (2007), Nateghi
et al. (2019), and Lindell et al. (2019) reported that while some at-risk residents may choose
to evacuate, others who have been advised to evacuate sometimes do not (non-compliance)
(Ling et al., 2020), which could lead to adverse outcomes.
Better management of hurricane evacuations requires that public officials and
emergency managers thoroughly understand the factors (e.g., risk perception) associated
with households’ evacuation decisions. Lindell et al. (2019); Baker (1991); Thompson et
al. (2017); and Huang et al. (2016a) reported that perceived vulnerability (or risk
perception) is a consistent predictor of evacuation. Lindell and Perry (2012) argued that
households typically assess the risks associated with the impending threat to become more
certain about the characteristics of the hurricane, severity of the expected personal impacts,
and logistical support before they finally decide on evacuation. This suggests that
households who are more certain about the evacuation logistics (e.g., safer destinations,
suitable evacuation routes, and departure timing) are more likely to evacuate. However, the
extant literature on evacuation is unclear on whether risk perception affects households’

91

perceived certainty about evacuation logistics or vice versa, or there is no association
between these two variables, which affect evacuation decisions. Better understanding of
how these variables affect each other could inform public officials and emergency
managers on how to effectively communicate risk and hazard information as well as
warnings/notices. This information could help households become more certain about the
characteristics of the hurricane as well as its expected impacts, which could aid households
in their risk assessments and improve their perceived certainty about evacuation logistics.
In addition, knowledge on how risk perception and perceived certainty about evacuation
logistics impact each other could be used as input assumptions for evacuation modeling
and traffic management (Lindell et al. 2019).
Mileti et al. (1985) reported that uncertainty and ambiguity can exist at each stage
of the decision-making process, which could lead to less effective and poorly timed
protective action decisions. Mileti et al. (1985) further argued that once households are
certain about the interpretation of the hazard (e.g., location of hurricane impact) as well as
the time available to prepare and depart (evacuation logistics), they may then proceed to
make protective action decisions. While perceived certainty about the location of hurricane
impact has been shown to influence households’ evacuation decision making (Alawadi et
al., 2020), its influence on perceived certainty about evacuation logistics is yet to be
explored in hurricane evacuation literature. Such an exploration could help public officials
and emergency managers gain greater insights about the logistical challenges that
households face (e.g., time needed to prepare for evacuation, evacuation mode, and safer
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destinations) based on how certain households are about the characteristics of the
hurricane.
The main objective of this paper is to fill a gap in prior evacuation literature by
examining the effect of risk perception and perceived certainty about evacuation logistics
on each other and their effects on evacuation decisions. This study used post-Hurricane
Matthew (2016) survey data gathered from households in the Jacksonville Metropolitan
Area, Florida. Using structural equation modeling (SEM), two latent variables (risk
perception and perceived certainty about evacuation logistics) were created and used for
the exploration as well as their effect on evacuation decision. SEM also allows
identification of factors that could be used to predict risk perception and perceived certainty
about evacuation logistics. Variables investigated in this study include households’
socioeconomic and demographic characteristics, consistency of information received about
the hurricane, understanding of hurricane-related graphics and maps, previous hurricane
experience, and evacuation impediments.
The remainder of this paper is divided into six sections. Section 4.3 discusses the
related literature and research hypotheses. An overview of the data is presented in section
4.4, and section 4.5 discusses the modeling methodology. Section 4.6 presents the results,
and section 4.7 discusses the findings. Finally, conclusions of the study and future research
directions are provided in section 4.8.
4.3 Literature Review
The literature review is divided into five sections. The first section deals with risk
perception and its effect on the evacuate/stay decision. Section 4.3.2 tackles perceived
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certainty about evacuation logistics and its effect on evacuate/stay decision. Section 4.3.3
reviews literature on the other factors that influence the evacuate/stay decision. Section
4.4.4 sheds more light on structural equation modeling for evacuations. Finally, section
4.4.5 presents 9 research hypotheses to help guide variable selection for the model
specification.
4.3.1 Risk Perception
Pablo et al. (1996) and Williams and Noyes (2007) suggested that risk perception
is an inherent part of the decision-making process due to the uncertainty associated with
all decision outcomes. Lindell and Perry (2012) further argued that if a threat is judged to
be real and some unacceptable level of perceived risk exists, people are more likely to
engage in protective action search. Lindell et al. (2019), Baker (1991), Peacock et al.
(2005), Whitehead et al. (2000), Thompson et al. (2017), and Bateman and Edwards (2002)
concluded that risk perception is a strong, consistent predictor of evacuation. In addition,
studies such as Lindell et al. (2019), and Riad et al. (1999) reported that while those who
evacuate often cite not feeling safe or being vulnerable as the main reason why they
evacuate, those who do not evacuate mostly say they did feel safe. Peacock et al. (2005)
concluded that relative to other factors, location is the most important factor that influences
an individual’s hurricane risk perception. Even though risk perception is a significant
predictor of evacuation decision, this variable has been measured or captured differently in
evacuation studies.
Alawadi et al. (2020) captured risk perception for Hurricane Matthew evacuees
living in the Jacksonville Metropolitan Area, Florida, as the extent of concern of
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death/injury to themselves (evacuees) or members of their family. Stein et al. (2010)
measured risk perception as perceived surge risk, perceived flood risk, and perceived wind
risk for Hurricane Rita evacuees living in the Houston Metropolitan Area. Similarly, both
Smith (1999) and Whitehead et al.’s (2000) hurricane evacuation studies conducted for
Hurricane Bonnie evacuees in North Carolina measured risk perception for wind and
flooding. Siebeneck and Cova (2012) captured risk perception by asking evacuees of the
2008 Iowa flood at Cedar Rapids, Iowa, to rate how dangerous they perceived the floods
to be. Other studies have measured risk perception as the likelihood of a hurricane
impacting them (Sherman-Morris et al., 2020), risks of flooding, and wind damage
(Bateman and Edwards, 2002; Meyer et al., 2018), and level of risk (none, low, and
medium) (Shaw and Baker, 2010). While these studies explored risk perception measures
as explanatory variables used directly in evacuation modeling, relatively few studies have
used the measured items/variables about risk perception to form a risk perception latent
class model (Urata and Pel, 2018) or latent variable (e.g., Trumbo et al., 2014), which
allows different measures of risk perception to be captured in one variable. Our study
created a latent variable called risk perception, which was further explored in the
evacuate/stay modeling (see below).
4.3.2 Perceived Certainty about Evacuation Logistics
Lindell et al. (2019) and Lindell et al. (2011) defined evacuation logistics as
activities and associated resources that are needed by at-risk residents to reach a safer
destination and remain there until it is safe to return. Typically, evacuation logistics include
travel model, departure timing, safer destinations, accommodations, and route choice
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(Sadri et al., 2017, Lindell et al., 2019; Wu et al., 2012). In addition, other studies explored
other activities and related resources that are associated with evacuation logistics such as
mobilization time (duration between the time an evacuation decision is made and the actual
departure) (e.g., Sadri et al., 2013; Dixit et al., 2008) and out-of-home activities (e.g.,
purchase of gasoline and food needed for evacuation) (e.g., Yin et al., 2014a; Kang et al.,
2007). Lindell et al. (2019) argued that households’ previous experiences as well as
information received before they departed or en route to their destinations are some
determinants of households’ evacuation logistics. Other factors that have been found to
influence households’ evacuation logistics include social network size (e.g., Sadri et al.,
2017), household characteristics (e.g., household size, availability of a personal vehicle,
and resources to pay for evacuation expenses) (Lindell et al., 2019), coastal or hazard
proximity (Lindell et al., 2011; Lindell et al., 2019), and special populations or those with
special medical needs (Sorensen et al., 1987; Lindell et al., 2019). However, perceived
certainty about households’ evacuation logistics has not been explored yet, and our study
explicitly captures households’ perceived certainty with regard to their evacuation logistics
in the evacuation modeling process.
4.4.3 Other Factors Associated with the Evacuate/Stay Decision
Apart from risk perception and evacuation logistics that have been found to
influence households’ evacuation decisions, studies such as Baker (1991), Thompson et al.
(2017), Lindell et al. (2019), and Huang et al. (2016a) suggested that other factors, such
as receipt of warnings and official evacuation notices are statistically significant (and the
strongest) determinants of evacuation. Sorensen et al. (1987) argued that warnings that are
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specific, consistent, certain, clear and accurate tend to produce more accurate situational
risk perception, which influences households’ evacuation decision-making (e.g., Hasan et
al., 2011; Sadri et al., 2017, Murray-Tuite and Wolshon, 2013). Lindell et al. (2019)
specifically pointed out that receipt of mandatory notices encourages more at-risk residents
to seek protective actions while voluntary notices may invite non-compliance. Public
officials (as a source of information) have the greatest credibility and typically produce
more

evacuation

compliance.

These

public

officials

disseminate

evacuation

notices/warnings through channels such as television, radio, internet, etc. Sadri et al. (2017)
concluded that information disseminated through social networks, television, and radio
increase the likelihood of evacuating while information received from the internet leads to
a less likelihood of evacuating.
Environmental and social cues also affect evacuation decision making. While
environmental cues are the conditions that at-risk residents observe in their environment
that indicates that there is an impending threat or hazard (e.g., heavy rainfall), social cues
are the indications that at-risk residents typically observe (e.g., neighbors preparing to
evacuate) (Lindell et al., 2019). Huang et al. (2016) found both environmental and social
cues to be positively associated with the decision to evacuate, with both Huang et al.
(2016a) and Lindell et al. (2019) reporting that peer evacuation was only second to the
receipt of warnings as a predictor of evacuation. Peers may have received the same
evacuation notices/warning, however, they considered the impending threat serious enough
to take action (i.e., evacuate) (Lindell et al., 2019).
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Another predictor of evacuation, previous experience, has been found to have
mixed effects on evacuation decision. For example, while Perry (1979), Moore et al.
(1963), and Horney et al. (2011) characterized previous experience as prior hurricane
experience, Smith and McCarty (2009) as well as Sadri et al. (2017) measured evacuees’
previous experience as previous evacuation experience. Perry (1979), Smith and McCarty
(2009), Sadri et al. (2017) found a positive effect of previous experience on the likelihood
of evacuating. However, Horney et al. (2011) and Moore et al. (1963) found previous
experience to be negatively associated with evacuation. This inconsistency could be
attributed to the different ways by which prior experience has been captured (e.g., financial
loss, personal distress, previous evacuation, injury or death, personal distress or emotional
impacts, etc.) (Demuth et al., 2016).
Prior studies (e.g., Lindell et al., 2019) reported that the type of housing in which a
household lives could influence their decision to evacuate. Smith and McCarty (2009),
Baker (1991), and Whitehead et al. (2000) suggested that households living in mobile
homes are more likely to evacuate due to greater wind risk associated with their housing
type. Lindell et al. (2019) reported that site-built homes are less susceptible to wind risk,
which could influence households living in such structures to not evacuate. Also,
residential stability has mixed effects on evacuation. While Gladwin and Peacock (1997)
and Baker (1991) found a negative effect of length of residence on evacuation, Smith and
McCarty (2009) found that residential stability had a non-significant effect.
Pet ownership also has inconsistent effects on evacuation. While Whitehead et al.
(2000) and Solis et al. (2009) found that households with pets were less likely to evacuate,
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Hunt et al. (2012) and Baker (1991) reported a non-significant effect of pet ownership on
evacuation.
With regard to socio-economic and demographic characteristics, Thompson et al.
(2017) reported that females are more likely to evacuate than men, the elderly are less likely
to evacuate, and Caucasians (Whites) are more likely to evacuate as compared to other
racial groups. However, Lindell et al. (2019) and Baker (1991) contend that socioeconomic and demographic characteristics are weak and inconsistent predictors, or may
not be related to evacuation.
Other factors such as fear of looting (Qurantelli, 1980) and having work
requirements (Baker, 1979) have been found to be negatively associated with evacuation.
On the other hand, proximity to water (Wilmot and Mei, 2004) and greater family cohesion
(Perry, 1979) have been reported to be positively associated with the choice to evacuate.
4.4.4 Structural Equation Modeling (SEM) for Evacuations
Hoyle (1995) and MacCallum and Austin (2000) defined structural equation
modeling (SEM) as a comprehensive statistical approach to testing hypothesized
relationships among observed (measured) and unobserved (latent) variables. Peng et al.
(2021), and Bollen (1989) argued that one of the advantages of SEM models over
traditional modeling techniques is its ability to estimate the casualties between latent
variables (e.g., perceptions, attitudes, satisfaction, etc.) as part of the modeling process. In
evacuation literature, while some studies used measured variables to create latent variables
so that hypothesized relationships between latent variables could be explored (e.g., Trumbo
et al., 2014; Li, 2014), others such as Kyne and Donner (2018), and Yang et al. (2016) did
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not create latent variables as part of their exploration of hypothesized relationships but only
analyzed the relationships between observed variables as part of the SEM framework.
Other evacuation-related studies where SEM has been applied include: Rickard et al.
(2017), and Thompson et al. (2019) for hurricanes, Mileti and Beck (1975), Huang et al.
(2020), Imran et al. (2019), and Babcicky and Seebauer (2019) for floods, and Zheng et al.
(2020) for no-notice events.
Liu et al. (2017) analyzed the influencing factors for the emergency evacuation
capability of rural households to flood hazards in western mountainous regions of Henan
province in China by constructing four latent variables: personal ability, social
environment, and family characteristics (as independent variables) and emergency
evacuation capability as the dependent variable. Their analysis revealed that while personal
ability, and social environment were positively associated with emergency evacuation
capability, the family characteristics variable was negatively associated with emergency
evacuation capability.
Kyne and Donner (2018) examined the factors that affect the trust in an authority’s
recommendation and hypothetical hurricane evacuation decision-making for residents in
the Rio Grande Valley in Texas by using only observed variables (hurricane evacuation
impediments, following the authority’s recommendation, and hypothetical evacuation
decision for five different hurricane categories) in their research. The results showed that
while the hurricane evacuation impediments variable was negatively associated with
following the authority’s recommendation, following the authority’s recommendation was
positively associated with all the hypothetical hurricane decisions. However, evacuation
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impediments had mixed effects on the hypothetical evacuation decision (depending on the
hurricane category, the result was either positive or negative).
Also, Yang et al. (2016) explored the factors associated with evacuation decisions
and destination choices as well as the relationship between these two decisions for northern
New Jersey residents. Their results showed that the evacuation decision was not related to
the selection of destinations.
4.4.5 Research Hypotheses
Nine research hypotheses helped guide variable selection for the model
specification. Relatively new variables, such as perceived certainty about location of
hurricane impact, understating of hurricane-related graphics/maps, and consistency of
hurricane-related information received, were explored as hypotheses.
H1: Scientific risk positively associates with risk perception.
Stein et al. (2010) reported that scientific risk associated with hurricanes is mostly
based on storm surge area, evacuation zones, risk area, etc. Lindell et al. (2019) argued that
at-risk residents who live in evacuation zones/risk areas (higher scientific risk) are more
likely to receive official evacuation notices to evacuate from their hazardous area, which
could heighten their risk perceptions. Similarly, an impending hurricane poses several
threats (e.g., damaging winds) to residents living in evacuation zones or areas of higher
scientific risk, which increases their risk perceptions regarding injury/death, home damage,
and disruption to electricity (Stein et al., 2010). In addition, residents living in areas
designated by authorities to be of greatest risk tend to evacuate at a higher rate than those
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in areas of less risk due to higher perception of vulnerability in relation to the impacts of
the hurricane (Lindell et al. 2019).
H2: Risk perception positively associates with (a) perceived certainty about evacuation
logistics and (b) vice versa.
Lindell and Perry (2012) posited that perceived risk about an extreme
environmental event (e.g., hurricane) is mostly defined in terms of impacts associated with
the event (e.g., death, injury, and property damage). At-risk residents who perceive higher
risks associated with a hurricane are less likely to stay in their threatened community or
select accommodations and destinations in their area to avoid the impacts of the storm
(Dow and Cutter, 2002; Mesa-Arango et al. 2013). Based on their risk perceptions, many
start exploring safer destinations (out of their community), when to depart, and a route to
reach such a destination, which leads to greater perceived certainty about evacuation
logistics. In addition, households who want to become more certain about evacuation
logistics may gather more credible, relevant, and clear information about the hurricane to
confirm its proximity, immediacy, and severity (Lindell and Perry, 2012), which could
heighten their risk perceptions as they assess the impending risk/threat (Heath et al. 2018).
H3: Both risk perception and perceived certainty about evacuation logistics positively
associate with evacuation.
Riad et al. (1999), Whitehead et al. (2000), and Bateman and Edwards (2002)
demonstrated that residents who are at risk or threatened by a hurricane are more likely to
make protective action decisions (e.g., evacuation) to minimize their vulnerability and also
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to seek safety for their households. However, during this protective action decisionmaking, households may assess how certain they are that the hurricane may severely
impact their families as well as damage their properties before they decide on evacuation
(Lindell and Perry, 2012). In addition to households assessing their risk perceptions and
becoming more certain about the characteristics of the hurricane, they may gather
additional details from public officials, friends, and relatives about time available to
prepare for evacuation, safer routes, and when to depart their at-risk community (Mileti et
al., 1985), which may improve their certainty about evacuation logistics, and in turn,
increase their likelihood of evacuation.
H4: Living closer to the coast or a body of water positively associates with (a) risk
perception and (b) evacuation.
Hurricanes are associated with heavy rainfall, flooding, and storm surge, which
significantly damage the properties of coastal residents and those living closer to
waterbodies (Burger et al., 2013; Modali, 2005; Hasan et al., 2012; Yin et al., 2016).
Households who live closer to the coast may feel vulnerable or have higher risk
perceptions, especially those who live in structures that do not have window protection,
sand bags, and flood insurance (Yin et al., 2014a; Lindell et al., 2013). Due to increased
vulnerability or exposure to risk, households living closer to the coast may decide to
evacuate to protect their households and properties (Bateman and Edwards, 2002; Yin et
al., 2016; Whitehead et al., 2000; Sadri et al., 2017). Moreover, Baker (1991) reported that
evacuation rates are higher at such locations because households are aware of the
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hazardousness of their locations or public officials make greater efforts to evacuate the
households living at such locations.
H5: Previously evacuating from a hurricane (experience) positively associates with (a)
risk perception, (b) perceived certainty about evacuation logistics, and (c) evacuation.
Past experience from a hazard (e.g., hurricane) and previous evacuation influence
how at-risk residents from a coastal community would recognize and perceive risk
regarding an impending threat (Demuth et al., 2016). Most evacuees who previously
evacuated from a hurricane may have felt unsafe or vulnerable (Riad et al., 1999;
Whitehead et al., 2000; Hasan et al., 2011). In the assessment of the risks associated with
the impending threat, households whose community is being threatened by a hurricane may
rely on the devastating impacts and damages caused by the previous hurricane landfall,
which may increase their risk perception (Quarantelli, 1980; Murray-Tuite et al., 2012;
Demuth et al., 2016; Lindell and Perry, 2012). Additionally, households may rely on the
evacuation logistics used during their prior evacuation (e.g., mobilization time, departure
timing, destination, and mode used) to safely evacuate from their threatened community.
Murray-Tuite et al. (2012) found that residents from Alabama, Florida, Mississippi, and
Louisiana who evacuated during Hurricane Ivan were more likely to make same
accommodation, destination, and evacuation decisions during Hurricane Katrina.
H6: Household size positively associates with (a) risk perception, (b) perceived certainty
about evacuation logistics, and (c) evacuation.
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Prior studies (e.g., Wu et al., 2012) reported a statistically significant positive
correlation between household size and number of children, with Flanagan et al. (2011)
arguing that larger households are more likely to have the most vulnerable members (such
as children and the elderly) during disasters. Due to higher vulnerability, these household
members may need to be evacuated to protect them from the impacts of the hurricane. The
protective action decision-making of evacuating these vulnerable household members may
include searching for safer destinations, best time to depart, and recommended routes to
use, which may increase households’ certainty about evacuation logistics, and lead to a
greater likelihood of evacuation.
H7: Extent of understanding hurricane-related graphics about potential wind gusts and
rainfall maps positively associates with (a) risk perception, (b) perceived certainty about
evacuation logistics, and (c) evacuation.
Cova et al. (2017) posited that hazard maps and graphics (including wind gust and
rainfall maps) can be used to make decisions regarding who is at risk and what protective
action needs to be taken. In addition, Lindell (2020) argued that these maps and graphics
could be used to communicate hazard warnings that promote the appropriate protective
actions that a household needs to take. Households who live in unsafe areas on these maps
and are able to interpret these maps to a greater extent that they are likely to be impacted
by wind gusts and heavy rainfall may have heightened perception of vulnerability. This
may make them more certain that their community is not safe (Saunders and Senkbeil,
2017; Horney et al., 2010), which leads to a greater likelihood of evacuation. Additionally,
wind gust and rainfall maps/graphics may have information about the time of impact,
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which can help households estimate the amount of time needed to prepare for evacuation,
and when to depart before their location is impacted, which increases households’ certainty
about evacuation logistics.
H8: Consistency of information received about the hurricane positively associates with (a)
perceived certainty about evacuation logistics, and (b) evacuation.
Conflicting or inconsistent information causes greater ambiguity, which results in
a delayed warning response or protective action decision-making (Lindell and Perry, 2012;
Wood et al. 2012; 2018). Mileti and Sorensen (1990) suggested that apart from specificity,
clarity, and accuracy, consistency is one of the characteristics of warning messages that
helps households in their evacuation decision making. More consistent information (among
sources at a given time and across time for a given source) (Lindell et al., 2019) about the
impending hurricane may be associated with greater certainty about the characteristics of
the threat (e.g., location of impact), which increases households’ chances of evacuating. In
addition, such consistent warnings/information may include safer destinations, locations of
public shelters, and when to initiate protective action, which increase households’ certainty
about evacuation logistics.
H9: Greater perceived certainty about the location of hurricane impact positively
associates with both (a) perceived certainty about evacuation logistics and (b) evacuation.
Perceived certainty about the location of hurricane impact can affect a household’s
decision to either evacuate or stay. Households who are certain that the hurricane may
significantly impact their locations are more likely to evacuate while those who are certain
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that the location of hurricane impact will be sufficiently far from their communities are less
likely to evacuate. Baker (2000) and Huang et al. (2016b) suggest that at-risk residents are
more likely to evacuate if they are certain that the hurricane will impact their community.
Further, such households who are certain that the hurricane will impact their location may
quickly begin to identify safer destinations and when to depart their community as well as
an implementation deadline for the best protective action (e.g., evacuation) (Lindell and
Perry, 2004), which increases households’ perceived certainty about evacuation logistics,
and the likelihood of evacuation.
4.4 Overview of Survey Data
Post-Hurricane Matthew (2016) survey data was used for this study. Following the
standard four-wave (three complete survey packets and a postcard reminder) procedure
suggested by Dillman et al. (2014), 5000 households in the Jacksonville, Florida
Metropolitan Area, were mailed this survey during the summer and fall of 2017. The survey
was also available at surveymonkey.com for households who preferred to complete the
survey online. The survey gathered households’ responses about their evacuation behavior
and concerns about evacuation, information sources, certainty factors, social network
information, socio-economic and demographic factors.
Specifically for the concerns about Hurricane Matthew and evacuation, households
were asked: To what extent were you concerned about the following items for Hurricane
Matthew and evacuation? Ten items were provided: (i) injury or death to yourself or
members of your household, (ii) major damage to your home from water (storm surge or
inland flooding), (iii) major damage to your home from wind, (iv) disruption to your job
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and loss of income, (v) disruption to your utility services (e.g., electricity), (vi) the
possibility of being involved in a major traffic accident, (vii) the possibility of being stuck
in a major traffic congestion, (viii) out of pocket expenses for gas, food, and lodging while
away from home, (ix) the possibility of looting in evacuated areas, and (x) household
members who need special medical assistance. However, only those that are related to the
characteristics of the hurricane (i, ii, iii, and v) were subsequently used to form the latent
variable called risk perception.
Similarly, regarding the certainty factors, households were asked: How certain are
you about the following? Eight items were provided: (i) Whether you live in an evacuation
zone, (ii) time of hurricane impact, (iii) location of hurricane impact, (iv) time needed to
prepare for evacuation, (v) when to evacuate, (vi) evacuation destination, (vii) evacuation
travel mode, and (viii) evacuation route. However, only measured variables that are related
to evacuation logistics (iv, v, vi, vii, and viii) were used to form the latent variable called
perceived certainty about evacuation logistics.
Overall, 588 valid responses were obtained. However, the addresses (needed for
geocoding to identify respondents’ evacuation zones) for only 332 were available. Due to
missing responses, only 220 observations were used for modeling. The geocoding of the
addresses was performed to determine whether the respondents (1) lived in evacuation
zones and were told to evacuate, (2) lived in other evacuation zones and not told to
evacuate, and (iii) lived outside of the evacuation zones. This was done based on
evacuation orders issued by public officials in Florida as Hurricane Matthew approached
(e.g., evacuation orders for Northeast Florida provided by Action News Jax, 2021).
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Table 4.1 shows that approximately 76% of those who lived in an evacuation zone that was
ordered to evacuate actually evacuated while the remaining 24% stayed. Seventeen percent
of those who lived in other evacuation zones that were not ordered to evacuate ended up
evacuating while 83% of them stayed. For those who lived outside of evacuation zones,
16% of them evacuated while the remaining 84% stayed. With regard to official evacuation
notices, 87% of those who lived in an evacuation zone that was ordered to evacuate actually
evacuated while 35% of those who lived in other evacuation zones that were not ordered
to evacuate ended up evacuating.
Table 4.1: Cross Tabulation of Sample and Different Measures
Lives in an
Lives in other
evacuation
Lives
evacuation
zone and
outside of
zones where an
Measure
where an
an
evacuation
evacuation
evacuation
order was not
order was
zone
in effect
in effect
Stay
46 (24.1%)
34 (82.9%)
84 (84.0%)
Decision Evacuate
145 (75.9%)
7 (17.1%)
16 (16.0%)
Total
191 (100%)
41 (100%)
100 (100%)
Did not
24 (12.8%)
26 (65%)
80 (80.8%)
receive
Official
Received 163 (87.2%)
14 (35.0%)
19 (19.2%)
notice
Total

187 (100%)

40 (100%)

99 (100%)

Total

164 (49.4%)
168 (50.6%)
332 (100%)
130 (39.9%)
196 (60.1%)
326 (100%)

Table 4.2 presents the descriptive statistics of the variables used for this study.
Comparing our sample to census reports (United States Census Bureau, 2018), households
with higher annual income, respondents over 65 years old, married couples, females, and
those with college education or higher were oversampled in our survey, potentially due to
the low response rate (or nonresponse bias) in our survey. However, there is a higher
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variation among our respondents with regard to evacuation decision, household size, length
of residence, and receipt of evacuation notice. While researchers of hazards and disasters
continue to improve on the design of surveys and the appropriate sampling strategy for
their surveys, future research works have to address the challenge of oversampling.
Some variables shown in Table 4.2 (e.g., indicators for both risk perception and
perceived certainty about evacuation logistics) which were measured on Likert-scale (1=
not at all and 5 for very great) were transformed to percent of maximum possible score (0%
= not at all and 100% =very great). Cohen et al. (1999) suggest that this transformation
would not influence the goodness of fit measures of the models estimated with variables
with such transformation. The transformation of these variables provide an easily
understandable metric to explain such variables. Intercorrelation among the variables is
shown in Table 4.3, which was estimated using the point-biserial method.
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Table 4.2: Descriptive Statistics of Variables
Dependent
Variable

Variable
[Evac]a
ComYears
[Female]a
[Income]c
HhSize
[College]a
[SpecMed]a
[MultiFam]a

Explanatory
Variables

[WaterClose]a
[PrevEvac]a
[SciRisk]a
[ConInfo]b
[CerLoc]b
[WindGust]b

Latent
Variables
Indicators

[PrepTime]b
[WhenEvac]b
[CerDest]b
[CerMode]b
[CerRoute]b

Description

Min

Whether household evacuated
0.00
Number of years of household living in current
0.00
community
Whether householder’s gender is female
0.00
Annual household income in thousands of US$
15.00
Household Size
1.00
Whether householder’s highest education attainment is
0.00
Bachelors or higher degree
Whether household member has special medical needs
0.00
Whether household lives in a multi-family home
0.00
Whether household’s home is close to a coastal area, river
0.00
or other body of water
Whether household previously evacuated during a
0.00
hurricane or coastal storm
Whether household lives in an evacuation zone where an
0.00
evacuation order was in effect
Extent of consistency of information received about
0.00
Hurricane Matthew
Certainty about location of hurricane impact
0.00
Extent of understanding hurricane-related graphics about
Hurricane Matthew’s potential wind gusts and rainfall
0.00
maps
Certainty about Evacuation Logistics Indicators
Certainty about time needed for preparation
0.00
Certainty about when to evacuate
0.00
Certainty about evacuation destination
0.00
Certainty about evacuation mode
0.00
Certainty about evacuation route
0.00
Risk Perception Indicators
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Max

Mean

1.00

0.53

Std.
Deviation
0.50

74.00

18.00

15.63

1.00
100.00
8.00

0.58
71.43
2.40

0.49
28.59
1.18

1.00

0.71

0.45

1.00
1.00

0.17
0.07

0.38
0.26

1.00

0.82

0.38

1.00

0.28

0.45

1.00

0.60

0.49

100.00

65.91

18.42

100.00

68.75

28.13

100.00

83.86

19.87

100.00
100.00
100.00
100.00
100.00

75.34
73.07
69.20
84.32
73.52

29.11
30.49
37.29
29.43
34.38

Extent of concern about injury/death to the householder
0.00
100.00
35.68
33.10
or members of their household
Extent of concern about damage to one’s home from
[WaterDam]b
0.00
100.00
48.30
35.92
water
[WindDam]b
Extent of concern about damage to one’s home from wind
0.00
100.00
58.98
29.77
Extent
of
concern
about
disruption
to
one’s
utility
[UtilityDis]b
0.00
100.00
62.16
29.89
services
Note: a Indicator variable which takes on “1” if the statement is true; b Linearly transformed variables based on Likert-scale (0% = not at all,
25% = slightly, 50% = moderate, 75% = great, 100% = very great); c Continuous variable that represents the midpoint of each income
category in $1,000 (“<$15,000”, “$15,000 to $30,000”, “$30,000 to $45,000”; “$45,000 to $60,000”, “$60,000 to $100,000”, “>$100,000”).
[injury]b
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Table 4.3: Intercorrelation among Variables
Variable
1. Injury

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

2. WaterDam

.47a

-

3.. WindDam

.48a

.74a

-

4. UtilityDis

.14b

.25a

.35a

-

5. CerLoc

-.04

-.09

-.08

-.10

-

6. PrepTime

-.08

-.02

-.03

-.05

.57a

-

7. WhenEvac

-.02

.03

.01

-.04

.59a

.78a

-

8. CerDest

.01

.13b

.08

.05

.30a

.39a

.49a

-

9. CerMode

.02

.13b

.15b

.04

.25a

.38a

.45a

.56a

-

.42a

.47a

.75a

.65a

-

.16a

.11

.09

-.05

.07

-

.12

.12b

.11

.04

-

.08

-.10

-.16a

-

-.05

-.06

-.09

.22a

-

.37a

10. CerRoute

-.02

.10

.08

.10

.31a

11. ComYears

.01

.02

.01

-.06

.07

.11

.18b

.15a

.14b

12. Female

16

17

18

19

20

-

.02

.08

.06

13. Income

-.07

.02

.01

-.03

.07

.02

.07

.02

.12b

14. HhSize

.06

-.01

-.04

.05

.00

-.01

-.04

-.05

-.08

15. College

.04

.19b

.15a

.04

-.07

-.07

.01

-.01

.07

.01

-.06

-.14b

-.01

-

16. SpecMed

.06

-.03

.03

-.04

.00

.03

.00

-.12

-.05

-.04

.02

.05

-.08

.03

-.10

-

17. MultiFam

-.02

-.01

-.07

-.05

.03

.12b

.12b

.10

.01

.07

.02

.08

-.10

.12b

-.13b

.03

18.WaterClose

.18a

.35a

.22a

.01

-.07

.03

.04

.19a

.21a

.18a

.02

-.04

.09

-.06

.14b

-.10

.09

-

19. PrevEvac

.07

.18a

.10

.07

-.02

.07

.06

.18a

.18a

.17a

.16a

.06

.02

-.04

.07

.06

-.07

.15a

-

20. SciRisk

.21a

.39a

.35a

.13b

-.12b

.03

.05

.14b

.18a

.17a

.03

.01

.06

-.16a

.17a

-.06

-.01

.38a

.16a

-

.24a

.35a

.16a

.19a

.21a

.08

.15a

.01

-.08

-.01

-.04

-.06

.05

.02

.04

.27a

.29a

.13b

.23a

.26a

.02

.03

.15b

.05

.08

-.09

.09

.14b

-.09

.09

-.04

.24a

.22a

.22a

-.08

.17a

.05

-.12b

.12b

.02

.02

.39a

.30a

.59a

.04

.04

.03

.01

.20a

22. WindGust

-.01

.03

.07

.14b

.18a

23. Evac

.26a

.55a

.47a

.10

-.20a

Variable

21

22

21. ConInfo

21. ConInfo

-.10

-

22. WindGust

.32a

-

23. Evac

-.03

.01

Note: a~p < 0.01; b~p <0.05
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-

4.5 Methodology
Finch and French (2015) indicated that quite often in multivariate analysis,
researchers are interested in how two or more latent constructs (e.g., risk perception and
perceived certainty about evacuation logistics) are related to one another. Structural
equation modeling (SEM) depicts relations among both latent and observed variables in
various types of models (Schumacker and Lomax, 2016), with Peng et al. (2021), and
Bollen and Noble (2011) suggesting that SEM has become an essential analysis method
for multivariate data in empirical research, which makes use of multiple equations in one
model. Bollen (1989) suggests that one of the advantages of SEM is its flexibility and
ability to model complex dependencies simultaneously.
While prior studies in SEM have had a continuous dependent variable (e.g., Lee et
al., 2009; Liu et al., 2017), SEM models can also incorporate ordinal dependent variables
in the multivariate modeling (e.g., Gutterres et al., 2009). This study makes use of
measured items to form two latent variables (risk perception and perceived certainty about
evacuation logistics), which were used to explore households’ evacuation decisions (binary
dependent variable). SEM models consist of structural, and measurement models (Finch
and French, 2005; Bollen and Noble, 2011). The structural model describes the
relationships between the latent variables and the binary evacuate/stay variable in terms of
observable exogenous variables, and the measurement model describes the relationship
between observed or measured variables and latent variables. For a SEM model with a
dependent binary variable, the structural model is represented by equations 4.1 and 4.2 and
the measurement model is shown by equations 4.3 to 4.5 (Bolduc et al., 2008; 2016):
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X n*  DX n*  Bwn   n  ( I L  D)1 Bwn  ( I L  D)1 n

 n ~ N (0,  )

Un  X n   CX n*   n

1
yin  
0

(4.2)

 n ~ N (0, )

I n    X  n
U in  X in    in
*
n

(4.1)
(4.3)
(4.4)

if U in  U jn , j  i
otherwise

(4.5)

where Xn* is a (L×1) vector of latent variables and L is the number of latent variables for
household n, D is a (L×L) matrix that allows for an interaction among the latent variables
and (IL-D) is assumed to be invertible, where IL is an identity matrix of size L, γn is a (L×1)
vector of error terms, wn is a (M×1) vector of explanatory variables causing the latent
variables for household n, M is the number of explanatory variables causing the latent
variables, and B is a (L×M) matrix of unknown parameters. N represents the normal
distribution, and Ψ is a (L×L) variance –covariance matrix which describes the relationship
among the latent variables through the error term. Un is a (J×1) vector of utilities associated
with household n and J is the number of alternatives, εn is a (J×1) vector of error terms
associated with the utility terms, Xn is a (J×K) matrix and K is the number of parameters,
β is a (K×1) vector of parameters, and C is a (J×L) matrix of unknown parameters
associated with the latent variable in the utility function. In is a (R×1) vector of indicators
of latent variables associated with household n and R is the number of constants, α is a
(R×1) vector of constants, Λ is a (R×1) matrix of unknown parameters that relate the latent
variables to the indicators,  n is a (R×1) vector of independent error terms, and Θ is a
diagonal matrix with variance terms on the diagonal. Uin is the utility of alternative i
(evacuation) as perceived by household n, Ujn is the utility of alternative j (staying) as
perceived by household n, Xin is a row vector of attributes of alternative i and characteristics
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of household n, εin is the error term, and yin is an indicator of whether alternative i is chosen
by household n. The probability of household n evacuating (probit model) is then shown
in equation (4.6) (Bolduc et al., 2008):

P( yn | X n , wn , , B, , ) 

 P( y

n

| X n* , X n ,  )g ( X n* | B, wn , , )dX n*

(4.6)

X n*

where g is the density function of the latent variables and θ contains all the unknown
parameters in equation 4.2. The model was estimated simultaneously in R by using the
weighted least squares mean and adjusted variance (WLSMV) estimator, as it is the best
approach for modeling categorical or ordered dependent variable in a SEM framework
(Muthén et al., 1997). Factor analysis was first performed to determine the reliability and
validity of the latent variable constructs, which was then followed by SEM modeling. SEM
models were estimated based on prior literature on hurricane evacuation and stated
hypotheses. Using the backward elimination method, only variables with a p-value of 0.05
or less in at least one portion of the model were maintained. Independent variables with an
intercorrelation of 0.4 or less (as shown in Table 4.3) were used for modeling.
Overall, five models were created and the corresponding diagram for each model
is shown in Figures 4.1 to 4.5. The first model (Figure 4.1) had all the variables whether
statistically significant or not. The remaining four models only had variables that were
significant at the 0.05 significance level in at least one of the portion of the overall model.
The second model (Figure 4.2) explored no association between risk perception and
perceived certainty about evacuation logistics. Model 3 (Figure 4.3) had risk perception
predicting perceived certainty about evacuation logistics. Perceived certainty about
evacuation logistics predicting risk perception is shown in Figure 4 (model 4.4). In model
116

5 (Figure 4.5), both risk perception and perceived certainty about evacuation logistics
predicted each other in the evacuation decision making process.
In assessing the goodness of fit of a SEM model, Kline (2016) suggested that the
following minimum set of statistics should be used (a) model chi-square with its degrees
of freedom and p-value (cutoff p-value > 0.05), (b) root mean square error of
approximation (RMSEA) (cutoff value of < 0.08) and its 90% confidence interval, (c)
comparative fit index (CFI), and (d) standardized root mean square residual (SRMR)
(cutoff <0.08). In addition, our study also used the Tucker-Lewis index (TLI) and goodness
of fit index (GFI) to assess the goodness of fit of the models. Cutoff values used for CFI,
TLI, and GFI were > 0.90 (Kline, 2016; Zheng et al., 2020). See Parry (2020); Moss (2016);
Costa and Saramento (2019); Asparouhov and Muthén (2018) for the equations of the
goodness of fit indices.
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Figure 4.1: SEM Diagram for Preliminary Model (Model 1)

Figure 4.2: SEM Diagram Where There is No Interaction Between Risk Perecption and
Perceived Certainty about Evacuation Logistics (Model 2)
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Figure 4.3: SEM Diagram Where Risk Perception Predicts Perceived Certainty about
Evacuation Logistics (Model 3)

Figure 4.4: SEM Diagram Where Perceived Certainty about Evacuation Logistics
Predicts Risk Perception (Model 4)
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Figure 4.5: SEM Diagram Where Both Risk Perception and Perceived Certainty about
Evacuation Logistics Predict Each Other
4.6 Results
Table 4.4 shows the results of the factor analysis that was first conducted to
determine the reliability and validity of the latent variables. Per the cutoff values suggested
by Kline (2016), the latent variables constructed were reliable and valid. Five SEM models
were then estimated based on prior evacuation literature and stated hypotheses, and their
corresponding results are shown in Table 4.5. Per the goodness of fit indices presented in
Table 4.5 for all the models, only model 5 passed all the thresholds (Kline, 2016; Zheng et
al., 2020), and as such has been selected as the best model for discussion. Also, model 5
was selected because the bi-directional effect explored between risk perception and
perceived certainty about evacuation logistics, which was one of the main hypothesis
explored in this study, was statistically significant at the 0.05 level. Factors associated with
risk perception are discussed in section 4.6.1. Section 4.6.2 discusses determinants of
perceived certainty about evacuation logistics, and factors associated with the
evacuate/stay decision are discussed in section 4.6.3.
4.6.1 Risk Perception
In model 5 of Table 4.5, four variables were statistically significant at the 0.05
significance level. Three of the four variables had positive effects on risk perception. Those
who lived closer to the coast or bodies of water were more likely to have higher risk
perceptions as compared to those who lived farther from the coast or water bodies. Females
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were more likely to have higher risk perceptions compared to men, which was consistent
with the findings of Bateman and Edwards (2002), Lindell et al. (2019), and Thompson et
al. (2017). Previously evacuating from a hurricane was positively associated with risk
perception compared to those who did not have such experience. The remaining variable
had a negative effect on risk perception. Greater perceived certainty about evacuation
logistics was negatively associated with risk perception.
The remaining two variables (household size and understanding about hurricanerelated graphics) were not statistically significant at 0.05 level in the risk perception portion
of the model 5. However, these variables were kept because they were significant in the
other portions of the model.
4.6.2 Perceived Certainty about Evacuation Logistics
In model 5, perceived certainty about evacuation logistics had four variables that
were statistically significant at the 0.05 level. These variables (risk perception, certainty
about the location of hurricane impact, extent of information consistency, and
understanding about hurricane-related graphics) had positive effects on perceived certainty
about evacuation logistics.
4.6.3 Evacuate/Stay Decision
In model 5, seven variables had statistically significant effects on the decision to
evacuate. Five of the seven variables had positive effects. Households with higher risk
perceptions were more likely to evacuate, which is consistent with the findings of
Whitehead et al. (2000), Riad et al. (1999), and Thompson et al. (2017). Those with greater
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perceived certainty about evacuation logistics had a higher likelihood of evacuating.
Households who lived closer to the coast or bodies of water were more likely to evacuate
as compared to those who lived farther away, which is consistent with Thompson et al.
(2017). Those who had at least a bachelor’s degree had greater chances of evacuating, as
compared to those with less formal education. Finally, females had a greater likelihood of
evacuating, which is consistent with Whitehead et al. (2000) and Lindell et al. (2019). The
remaining two variables (household size and perceived certainty) had negative effects on
the likelihood of evacuating. For household size, the results of our study is consistent with
that of Murray-Tuite et al. (2012) and Smith and McCarty (2009), and for perceived
certainty, the finding of our study is consistent with that of Alawadi et al. (2020).
Table 4.4: Factor Analysis of Latent Variables
Latent Variable

Risk perception

Perceived
certainty about
evacuation
logistics

Item

Loadings

Injury
WaterDam
WindDam
UtilityDis
PrepTime
WhenEvac

0.66
0.85
0.88
0.42
0.74
0.81

CerDest

0.83

CerTravel

0.81

CerRoute

0.87

Cronbach’s
Alpha

Composite
Reliability

Average
Variance
Extracted

0.70

0.81

0.52

0.87

0.91

0.66

Note: Cut off for indices: Cronbach’s alpha > 0.70; Composite reliability > 0.70; Average variance
extracted > 0.50 (Kline, 2016; Zheng et al., 2020).
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Table 4.5: SEM Model Results
Variable

Model 1:
Preliminary model
with all the variables

Coeff.

Std.
Error

Injury
WaterDam
WindDam
UtilityDis

11.749***
26.474***
22.069***
5.679***

2.190
2.916
2.456
1.695

PrepTime
WhenEvac
CerDest
CerTravel
CerRoute

14.812***
18.457***
17.092***
13.987***
15.214***

1.502
1.782
2.549
1.631
2.097

Coeff.

Std.
Error

0.198
1.119***
-0.623**
-0.002
0.717***
-0.001
0.073
0.282
n/a

0.164
0.218
0.311
0.006
0.170
0.005
0.071
0.176
n/a

-0.043

0.067

SciRisk
WaterClose
MultiHome
ComYears
Female
WindGust
HhSize
PrevEvac
CerEvac
HhSize

Model 2:
Model 3:
Model 4:
Model with no
Model with risk
Model with certainty
interaction between
predicting certainty
predicting risk
risk and certainty
Latent Variable Models (Measurement Models)
Std.
Std.
Std.
Coeff.
Coeff.
Coeff.
Error
Error
Error
Risk Perception
12.442***
2.373
11.646***
2.434
12.263***
2.389
***
***
27.929
3.030
27.983
3.069
28.043***
3.034
21.965***
2.416
21.760***
2.384
21.993***
2.404
5.893***
1.766
5.845***
1.779
5.868***
1.768
Perceived Certainty about Evacuation Logistics
15.490***
1.509
14.988***
1.498
15.454***
1.508
***
***
***
19.933
1.828
18.606
1.810
18.983
1.830
17.334***
2.694
17.575***
2.733
17.409***
2.703
13.982***
1.628
14.341***
1.672
14.062***
1.637
15.606***
2.195
15.763***
2.232
15.647***
2.202
Structural Models
Std.
Std.
Std.
Coeff.
Coeff.
Coeff.
Error
Error
Error
Risk Perception
n/a
n/a
n/a
n/a
n/a
n/a
1.055***
0.213
1.110***
0.221
1.055***
0.213
n/a
n/a
n/a
n/a
n/a
n/a
n/a
n/a
n/a
n/a
n/a
n/a
0.692***
0.164
0.691***
0.165
0.690***
0.163
-0.002
0.04
-0.002
0.005
-0.002
0.005
0.056
0.068
0.057
0.068
0.057
0.068
0.305*
0.169
0.308*
0.170
0.296*
0.172
n/a
n/a
n/a
n/a
0.021
0.065
Perceived Certainty about Evacuation Logistics
-0.032
0.063
-0.037
0.065
-0.032
0.063
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Model 5:
Model with both risk
and certainty
predicting each other
Coeff.

Std.
Error

12.198***
28.791***
22.415***
6.151***

2.469
3.265
2.487
1.809

15.078***
18.639***
18.119***
14.813***
16.260***

1.520
1.838
2.843
1.745
2.350

Coeff.

Std.
Error

n/a
1.139***
n/a
n/a
0.664***
0.001
0.050
0.369**
-0.172**

n/a
0.230
n/a
n/a
0.164
0.005
0.066
0.175
0.080

-0.045

0.066

ConInfo
SpecMed
Income
College
CerLoc
WindGust
PrevEvac
RiskPer

0.012**
-0.050
0.006*
-0.175
0.028***
0.011**
0.436**
n/a

0.005
0.230
0.003
0.238
0.003
0.005
0.224
n/a

RiskPer
CerEvac
SciRisk
WaterClose
MultiFam
ComYears
PrevEvac
Female
HhSize
ConInfo
Income
CerLoc
SpecMed
WindGust
College

0.642***
0.298***
0.387*
0.965***
0.380
-0.005
0.467**
0.501**
-0.201**
-0.006
0.001
-0.018***
0.307
-0.002
0.589***

0.072
0.089
0.215
0.332
0.359
0.007
0.238
0.228
0.095
0.005
0.004
0.005
0.252
0.005
0.262

χ2 (df) [pvalue]
GFI
CFI
TLI
RMSEA
[90% CI]
SRMR

0.012**
n/a
n/a
-0.059
0.028***
0.011***
0.400**
n/a

0.012**
0.005
n/a
n/a
n/a
n/a
-0.054
0.203
0.028***
0.003
0.012***
0.004
0.379*
0.208
0.089
0.073
Evacuate/Stay
0.599***
0.076
0.582***
0.074
0.317***
0.091
0.270***
0.087
n/a
n/a
n/a
n/a
0.961***
0.296
0.921***
0.299
n/a
n/a
n/a
n/a
n/a
n/a
n/a
n/a
0.439*
0.238
0.459**
0.233
0.507**
0.210
0.503**
0.205
**
-0.187
0.089
-0.187**
0.089
-0.007
0.005
-0.006
0.005
n/a
n/a
n/a
n/a
-0.019***
0.005
-0.017***
0.005
n/a
n/a
n/a
n/a
-0.003
0.005
-0.002
0.005
0.596***
0.228
0.592***
0.227
Summary of Goodness of Fit Measures
0.005
n/a
n/a
0.201
0.003
0.004
0.205
n/a

0.012**
n/a
n/a
-0.051
0.028***
0.011***
0.399**
n/a

0.005
n/a
n/a
0.200
0.003
0.004
0.205
n/a

0.011**
n/a
n/a
-0.113
0.029***
0.012***
0.330
0.245**

0.005
n/a
n/a
0.208
0.003
0.005
0.212
0.096

0.592***
0.304***
n/a
0.969***
n/a
n/a
0.446*
0.512**
-0.187**
-0.007
n/a
-0.018***
n/a
-0.003
0.593***

0.074
0.085
n/a
0.295
n/a
n/a
0.235
0.207
0.089
0.005
n/a
0.005
n/a
0.005
0.227

0.598***
0.289***
n/a
0.863***
n/a
n/a
0.453*
0.495**
-0.187**
-0.005
n/a
-0.015***
n/a
-0.003
0.598***

0.077
0.088
n/a
0.306
n/a
n/a
0.234
0.199
0.089
0.005
n/a
0.004
n/a
0.005
0.228

170.738 (131) [0.011]

123.008 (91) [0.014]

116.031 (90) [0.034]

122.552 (90) [0.013]

107.509 (89) [0.088]

0.898
0.921
0.973

0.924
0.934
0.967

0.929
0.946
0.973

0.925
0.933
0.966

0.934
0.962
0.981

0.037 [0.019, 0.052]

0.040 [0.019, 0.057]

0.041 [0.020, 0.058]

0.031 [0.000, 0.050]

0.076

0.072

0.071

0.067

0.036 [0.011, 0.054]
0.068
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N
220
220
220
220
220
Note: ***p < 0.01; **p <0.05; *p <0.1; n/a = not available; N = number of observations; cut off for indices: p-value for chi-square (χ2) test > 0.05, goodness
of fit index (GFI) > 0.90, comparative fit index (CFI) > 0.90, Tucker-Lewis fit index (TLI) > 0.90, root mean square error approximation <0.08 (RMSEA),
standardized root mean square residual (SRMR) < 0.08; reported standard errors are robust standard errors.
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4.7 Discussion
This section discusses the nine hypotheses explored in this study.
H1: Scientific risk positively associates with risk perception.
This hypothesis was rejected as scientific risk was non-significant in this study.
This was consistent with Meyer et al. (2014) who found that during Hurricanes Earl, Irene,
Isaac, and Sandy (2012 hurricane season), many coastal residents along both Gulf and
Atlantic coasts suggested that the storms would pose no danger to their safety even if it
struck their at-risk area.
H2: Risk perception positively associates with (a) perceived certainty about evacuation
logistics and (b) vice versa.
This hypothesis was partially rejected. Risk perception was positively associated
with perceived certainty about evacuation logistics (as hypothesized), which could be that
households with higher risk perception may quickly create a household evacuation plan,
which would make them more certain about their evacuation logistics. However, perceived
certainty about evacuation logistics was negatively associated with risk perception, and as
such, the second portion of this hypothesis was rejected. A potential explanation for this
rejection could be that households who were certain about evacuation logistics may no
longer have had higher risk perception as they had a plan with which they were comfortable
and would also help to quickly remove them from exposure to the threat.
H3: Both risk perception and perceived certainty about evacuation logistics positively
associate with evacuation.
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This hypothesis was not rejected. The first part of this hypothesis was consistent
with prior literature (e.g., Thompson et al., 2017; Baker, 1991; Lindell et al., 2019; and
Whitehead et al., 2000) that reported that risk perception is a consistent predictor of
evacuation. Lindell et al. (2019) reported that at-risk residents are more likely to evacuate
if they believe they are in danger from a hazard and evacuation will minimize that danger.
In addition, perceived certainty about evacuation logistics may have made households
more confident in their selection of evacuation as their protective action.
H4: Living closer to the coast or a body of water positively associates with (a) risk
perception and (b) evacuation.
This hypothesis was not rejected, which was consistent with Lindell et al. (2005)
who found that those living closer to the coast or body of water were more likely to
evacuate, possibly because they may have received information from local authorities to
do so (especially as 70% of our sample who lived closer to the coast or water bodies
reported that they received official evacuation notice). In addition, hurricanes are
associated with heavy rainfall and storm surge, which may result in flooding. This may
significantly impact those living closer to the coast and other bodies of water, and thereby
increase the perceptions of risk.
H5: Previously evacuating from a hurricane (experience) positively associates with (a)
risk perception, (b) perceived certainty about evacuation logistics, and (c) evacuation.
This hypothesis was partially rejected. Previously evacuating from hurricanes was
positively associated with risk perception (as hypothesized). However, there was a lack of
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support for this variable with respect to both perceived certainty about evacuation logistics
and evacuation portions of the model, as it was non-significant per the 0.05 significance
level used. This finding is consistent with Huang et al.’s (2016a) finding that for 21 actual
evacuation studies and two hypothetical evacuation studies, previous hurricane experience
had a non-significant weighted average correlation of 0.01 on evacuation.
H6: Household size positively associates with (a) risk perception, (b) perceived certainty
about evacuation logistics, and (c) evacuation.
This hypothesis was rejected. Household size was non-significant in the risk
perception and perceived certainty about evacuation logistics portion of the model. For the
evacuation portion of this model, this hypothesis was rejected as the parameter sign was
opposite that hypothesized. Even though this hypothesis was rejected, the results presented
in this study were consistent with Murray-Tuite et al. (2012) who reported that larger
households were less likely to evacuate. Possibly, such households may not have not have
social support (e.g., friends and relatives) that can accommodate their larger size (Wu et
al., 2012), especially as prior studies (e.g., Wu et al., 2012; Murray-Tuite et al., 2012;
Mesa-Arango et al., 2013) reported that households prefer to stay with their friends and
relatives during evacuation.
H7: Extent of understanding hurricane-related graphics about potential wind gusts and
rainfall maps positively associates with (a) risk perception, (b) perceived certainty about
evacuation logistics, and (c) evacuation.
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This hypothesis was partially rejected. Extent of understanding hurricane-related
graphics about wind gust and rainfall was non-significant in the risk perception and
evacuation portions of the model. However, greater understanding was positively
associated with perceived certainty about evacuation logistics (as hypothesized).
Potentially, such greater understanding would help households identify hazardous areas so
that such locations would not be selected as destinations. In addition, such graphics could
detail when their area may be impacted, which could help households determine the best
departure time, leading to a greater certainty about evacuation logistics.
H8: Consistency of information received about the hurricane positively associates with (a)
perceived certainty about evacuation logistics and (b) evacuation.
This hypothesis was partially rejected. While consistency of information received
was non-significant in the evacuation portion of the model, this variable was positively
associated with perceived certainty about evacuation logistics (as hypothesized).
Households who received consistent information about the hurricane may have become
more confident in their evacuation plan, with its associated logistics.
H9: Greater perceived certainty about the location of hurricane impact positively
associates (a) both perceived certainty about evacuation logistics and (b) evacuation.
This hypothesis was partially rejected. Perceived certainty about the location of
hurricane impact was positively associated with perceived certainty about evacuation
logistics (as hypothesized). Households with greater perceived certainty that the hurricane
may significantly impact them may have gained greater confidence in their evacuation
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plans and that evacuation was the appropriate protective action. However, the second
portion of this hypothesis was rejected as the parameter sign was opposite that
hypothesized. Households with greater perceived certainty about the location of hurricane
impact were negatively associated with choosing to evacuate, which was consistent with
Alawadi et al. (2020) who reported that such households were less likely to decide on full
household evacuation. Potentially, households’ assessments about the characteristics of the
hurricane might have led them to believe that the hurricane may not significantly impact
them, which could influence their decision to stay.
4.8 Conclusions and Future Directions
This study found that for hurricane evacuation decision making, risk perception
was positively associated with perceived certainty about evacuation logistics while
perceived certainty about evacuation logistics had a negative effect risk perception.
However, both risk perception and perceived certainty about evacuation logistics had
positive effects on households’ decision to evacuate. Post-Hurricane Matthew (2016)
survey data gathered from households in the Jacksonville Metropolitan Area, Florida was
used with structural equation modeling for this investigation. SEM also allowed us to
identify factors that could be used to predict risk perception and perceived certainty about
evacuation logistics. The results presented in this study yielded additional insights about
the dynamics and prediction of hurricane evacuation behavior.
Even though scientific risk (indicated in this study as those living in evacuation
zones that were asked by officials to evacuate) was non-significant in this study, this may
be of interest to emergency managers. While this variable was highly correlated

130

(correlation factor of 0.64 and statistically significant at the 0.01 level) with receipt of
official evacuation notice, this could possibly be that at-risk residents lack risk area
awareness. Lindell et al. (2019) suggested that this lack of awareness is one of the main
reasons issuing official evacuation notices and disseminating such notices effectively is so
important. Emergency managers and public officials may have to improve on the wording
and content of the notices as well as the medium through which such notices are distributed
and details about evacuation logistics (e.g., departure timing, public transportation
available, and safer destinations) (Lindell and Perry, 2004) that can help households in
their assessment of the best protective action to take. In addition, emergency managers may
have to embark on a public education campaign to sensitize households to the various
categories of evacuation zones (e.g., Zones A to F in Florida) and also help households to
identify the evacuation zone in which they live and how to prepare for evacuation
depending on the category of hurricane. This would help households not to overestimate
their risk (which may lead to shadow evacuation) or underestimate their risk (which may
lead to non-compliance).
This study was one of the few studies to explore how perceived certainty about
evacuation logistics influenced households’ evacuation decisions. For households, greater
perceived certainty about evacuation logistics can be very useful in their assessment of
evacuation as the best protective action to take. For public officials and emergency
managers, knowledge of such greater certainty can help them to better understand how
certain or confident households are with regard to their evacuation logistics, and in turn,
use such certainty in their (emergency managers’) estimation of evacuation logistics to
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support evacuating households (e.g., those who may need public transportation, when most
households would prefer to depart so that alternative evacuation routes that are safe and
not congested could be provided). However, for households who may be uncertain about
their evacuation logistics (e.g., safer destination and the time available to prepare for
evacuation), public officials and emergency managers may have to provide additional
information that is clear and unambiguous, which could help such households to become
more certain about their evacuation logistics.
Some findings of this study suggest that in the evacuation decision making, some
variables may influence risk perception or perceived certainty about evacuation logistics
and not the evacuation decision directly. For example, previously evacuating from
hurricanes was positively associated with risk perception and its effect on the decision to
evacuate was non-significant. Huang et al. (2016a) reported that out of 21 actual evacuation
studies, 14 (66%) of them reported that prior hurricane experience’s effect on evacuation
decision was non-significant, which suggests that prior hurricane experience may affect
evacuation decisions through a mediating factor such as risk perception as reported in this
study. Similarly, consistency of information received about Hurricane Matthew and extent
of understanding potential wind gusts and rainfall maps were positively associated with
perceived certainty about evacuation logistics and were not associated with evacuation
decision at the 0.05 significance level. Specifically for consistency of information received,
Lee et al. (2021) suggest that having consistent information may reduce uncertainty about
the characteristics of the hurricane and help households to take the best protective action.
However, the results in our study suggest that consistency of information received may
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influence evacuation decisions through a mediating factor such as perceived certainty about
evacuation logistics and not evacuation directly. The transferability of these findings would
need to be confirmed in future studies.
One of the limitations of this study is the smaller sample size used for this study.
However, the sample size has adequate power to detect meaningful effects (Walmsley and
Brown, 2017). Future research with a larger sample size that may yield greater statistical
power can further investigate the findings of this study by exploring if the bi-direction
effect between risk perception and perceived certainty about evacuation logistics as well
as their effects on the evacuation decision found in this study are consistent under different
hurricane categories and at different locations in the United States, as models and results
presented in this study can easily be replicated based on the information gathered using
post-storm surveys. While most post-storm surveys have previously gathered responses
related to risk perception and evacuation decisions, future post-storm studies that gather
details regarding the indicators of perceived certainty about evacuation logistics can easily
replicate the results of this study, which may lead to transferrable findings as well as better
prediction of the complex nature of households’ evacuation decision making. In addition,
similar studies can be explored for other hazards and disasters (e.g., floods). Another
limitation of this study, which is found in most retrospective studies, is that household may
not accurately and vividly remember all the actions and decisions they took in the wake of
the hurricane. Possibly, future studies should gather real-time data regarding households’
evacuation decision making as suggested by Meyer et al. (2014).
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5.1 Abstract
This paper investigates how perceived certainty factors influenced households’
selection of destinations and accommodation type during evacuation. Using survey
responses from Jacksonville, FL, multinomial logit models were developed for both
choices. For the first, greater understanding of hurricane-related graphics decreased
household probability of staying within their community. Households with a member who
has special medical needs and those evacuating with a greater number of vehicles were
more likely to stay in the eastern portion of their county. Greater perceived certainty about
hurricane impact location decreased households’ probability of evacuating to the south.
For the accommodation model, married evacuees and those who received official
evacuation notices had increased likelihood of staying in hotels/motels, while those who
evacuated a day before landfall were less likely to do so. Greater perceived certainty about
hurricane impact time and frequency of communication with social network members
increased the probability of staying in a peer’s home
Keywords: Destination, accommodation type, perceived certainty, hurricane
evacuation
5.2 Introduction
Hurricanes are one of the most destructive natural disasters that strike along the
coast of the United States (US) almost every year and result in significant damage to
properties and loss of lives. From 1980 to 2019, the estimated cost of hurricanes in the US
was $927.5 billion [National Oceanic and Atmospheric Administration (NOAA) (2019)]
while the estimated number of fatalities for this same time period in the US was 6,664

152

(NOAA, 2020). During the 2016 hurricane season, Hurricane Matthew resulted in about
52 fatalities and $10 billion in property damage in the US (NOAA, 2017). Hurricane
Matthew reached category 5 status in the Atlantic basin (Stewart, 2017). Specifically in the
US, Hurricane Matthew impacted Florida (e.g., Vero Beach as a category 3 hurricane and
Jacksonville Beach as a category 2 hurricane) and coastal regions of southeastern Georgia,
South Carolina and North Carolina (as a category 1) (Stewart, 2017); evacuation notices
were issued for millions of people along the coasts of these states (The Weather Channel,
2016). Dow and Cutter (2002) suggest that hurricane evacuations are becoming
increasingly problematic due to the steady population growth along the Atlantic and Gulf
coasts as well as the inability of the transportation infrastructure to keep pace with demand.
Hurricane evacuation involves households making decisions about whether to
evacuate and evacuation logistics such as when to evacuate, mode choice, route choice,
destinations, and accommodation type choices. Specifically, destination refers to the final
location (e.g., city or town) to which the household travels, while accommodation type is
the facility where the household lodges when they arrive at their final destinations.
Destination and accommodation type choices are essential parts of evacuation planning
since the corresponding models are used to estimate public shelter demand and travel
demand, which serves as an input for hurricane traffic simulation purposes (Ukkusuri et
al., 2017; Cheng et al., 2008).
The decision-making process of households choosing to evacuate and selecting
their destinations and accommodations is heavily dependent on how certain these
households are with regard to information they have received about the hurricane (Mileti
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et al., 1985). For example, a household is likely to evacuate to a safer location if they know
(or are certain) that their community will flood when a hurricane makes landfall (Baker,
2000). In addition, Lindell and Perry (2012) suggest that in the assessment of risks
associated with an impending hurricane, residents who are uncertain about the impacts or
risks seek more information to help improve their uncertainty before making evacuationrelated decisions. Perceived certainty related to location of hurricane impact and time of
hurricane impact have not been analyzed in previous destination and accommodation type
studies. Analyzing these certainties could help emergency managers to better understand
households’ evacuation decision making and in turn, help them make more informed
decisions regarding public shelter demand and locating capacity-enhancing traffic
management strategies. Also, understanding the effect of uncertainty on household
evacuation decision making could help agencies to improve upon communications about
natural disasters (e.g., warnings) (Taylor et al., 2009) and tailor messages to improve
certainty.
Risk perception factors influence a household’s decision to evacuate, with personal
risks being a consistent positive determinant of evacuation behavior (Huang et al., 2016;
Thompson et al., 2017). Huang et al. (2016) further explained that perceived risk factors
such as flood and wind risks influenced a household’s evacuation decision, with Wong et
al. (2018) reporting that risk perception factors influenced households’ choice of both
destinations and accommodations types. Similarly, Damera et al. (2019) analyzed risk
perception factors that influence the relative ordering of destination and accommodation
type during hurricane evacuation. They found that concerns about damage to the home
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from wind as well as out of pocket expenses, and disruption to utility services were
significant predictors of the relative ordering of destination and accommodation type.
However, Dash and Gladwin (2007) indicated that risk perception factors are complicated
by uncertainties such as location and time of hurricane impact, which in turn influences a
household’s decision making.
At-risk residents rely on information sources such as social media, radio, television
and the internet to receive hazard and evacuation-related information, which helps them in
their evacuation decision-making (Sadri et al., 2017; Burnside et al., 2007; Lindell at al.,
2005; Kang et al., 2007; Cahyanto et al., 2016; Huang et al., 2012; Prater et al., 2000).
However, Wu et al.’s (2015) computer-based experiment on how people processed forecast
advisories when tracking hurricanes concluded that participants in their study found
information presented in hurricane-related graphics difficult to understand or process.
Additionally, Czajkowski (2011) indicated that at-risk residents face forecast uncertainty
over time as a hurricane approaches landfall, which influences their decisions as to when
and where to evacuate.
The objective of this paper is to investigate how perceived certainty factors
influenced evacuees’ selection of destinations and accommodation type. The destinations
(zones 1 to 7) were created based on the spatial distribution of evacuees’ destinations in
relation to the direction of the transportation network emanating from Jacksonville, FL as
shown in Figure 5.1. Accommodation types were classified into peer’s (friend or family
member’s) home, hotel/motel and other. Using responses to a post-Hurricane Matthew
(2016) survey, multinomial logit models were developed for both destination and
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accommodation type using perceived certainty levels as well as evacuees’ socioeconomic
and demographic characteristics, information received about the hurricane, previous
evacuation experience, and evacuation impediments.
The remainder of this paper is divided into seven sections. Section 5.3 presents a
review of literature for destination and accommodation type and nine research hypotheses.
Section 5.4 presents an overview and descriptive analysis of the Hurricane Matthew survey
data. Sections 5.5 and 5.6 present the modeling technique and estimation results,
respectively, followed by discussion of the findings in Section 5.7. Finally, section 5.8
concludes the study and provides future research directions.
5.3 Literature Review
Households make a series of decisions whenever they are faced with evacuating
from an impending hurricane. Such decisions involve whether to evacuate, where to
evacuate to (destination), which facility to lodge at when they finally get to their destination
(accommodation type) and other related decisions (Yin et al., 2014b). Destinations and
accommodations are part of evacuation logistics that are usually factored into the decisionmaking process of both households and public agencies (Lindell et al., 2019). This means
that to accurately simulate hurricane evacuation behavior, destinations and accommodation
type need to be modeled (Cheng et al. 2008). Sections 5.3.1 and 5.3.2 discuss literature on
destination and accommodation type choice, respectively.
5.3.1 Destination Choice
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Barrett et al. (2000) described destination as the location to which an evacuee
travels to seek safety. Similarly, Lindell and Prater (2007) defined destination as the final
location where evacuees stay until they return to their homes. Previous hurricane
evacuation studies (e.g., United States Army Corps of Engineers (USACE), 2017; Morrow
and Gladwin, 2005; Murray-Tuite et al., 2012; Lindell et al., 2011 and Wu et al., 2012)
reported the percentages of evacuees who select each destination as presented in Table 5.1.
Logical destinations (i.e., city names) vary by the location being evacuated and more
general locations are often considered, as illustrated in Table 5.1. These generalizations
include: within a neighborhood (Morrow and Gladwin, 2005), within a city/outside the city
(Yin et al., 2014b), in-county (parish)/out-of-county (parish) (Dash and Morrow, 2000;
Murray-Tuite et al., 2012; USACE, 2017), and in-state/out-of-state (Dow and Cutter,
2002). Wu et al. (2012) described evacuees’ destinations based on directions (e.g., North
Texas and Central Texas). Regardless of the terminology used to describe the destination
options, the selection of a destination depends on several types of factors, including the
size of the state (Wu et al., 2012), transportation accessibility (Wu et al., 2012; Cheng et
al., 2008), risk (Dow and Cutter, 2002), evacuation departure timing (Huang et al., 2012;
Yin et al., 2014b), socio-demographic and economic characteristics, and the availability of
accommodations (Dow and Cutter, 2002; USACE, 2000).
Wu et al. (2012) used the size of a state and its number of cities as factors that could
influence evacuees’ choice of a destination. They argued that most South Carolina (SC)
residents who evacuated during Hurricane Floyd went out-of-state because SC is a smaller
state with only two cities and as such has little capacity inland to accommodate a larger
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number of coastal evacuees. However, most Hurricane Katrina and Rita evacuees stayed
within Texas (their state) since it extends much more inland and has about 46 inland cities
to accommodate most coastal evacuees. In addition, their analysis found proximity of a
highway to a state border to be influential factors in an evacuee’s choice of destinations. A
similar finding is reported in Cheng et al. (2008) who estimated separate destination models
based on accommodation choices for friends and hotels. Their results indicated that South
Carolina residents who evacuated during Hurricane Floyd were more likely to stay in a
hotel or with a friend if the destination/location had an interstate highway.
Risk perception factors influence an evacuee’s choice of a destination (Dow and
Cutter, 2002). For example, Cheng et al. (2008) reported that Hurricane Floyd evacuees
from SC were less likely to stay with a friend or in a hotel if that destination zone
experienced gale force winds. They indicated this variable to be a risk indicator factor. On
the other hand, Dow and Cuter (2002) found that some Hurricane Floyd evacuees from SC
travelled to other at-risk areas (e.g., North Carolina) that experienced the impacts of the
landfall (e.g., heavy rainfall and associated flooding) due to how uncertain the evacuees
were with regards to the location of hurricane impact.
Another predictor of destination choice, departure timing, has mixed effects on the
selection of destinations. Yin et al. (2014b) reported a positive association between
departing later and evacuating to a closer destination (stayed within their locality) for
Miami residents in a hypothetical category 4 hurricane evacuation study. They attributed
this positive relationship to the fact that most of the evacuees who lived closer to their
destination zones could wait a longer time before departing. Similarly, Wu et al. (2013)
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reported that Hurricane Ike evacuees from Texas who departed later traveled shorter
distances, suggesting that they (evacuees) preferred destinations that were not far from
their communities. However, Wu et al. (2012) showed that Louisiana and Texas residents
who departed later during Hurricanes Katrina and Rita were less likely to stay within their
locality. Such evacuees were more likely to evacuate to another region based on direction
(e.g., east and north).
Socioeconomic and demographic variables have been found to have mixed effects
on destination choice. Wu et al. (2013) reported that all demographic variables in their
study had non-significant correlations with evacuation distance (or how far their
destinations were from them). However, Wu et al. (2012) reported that age was the only
demographic characteristic that had significant correlation with how far evacuees’
destinations were, but that correlation was very small (r = -0.10). Further, Yin et al. (2014b)
reported that low income households, Hispanic evacuees and/or respondents who lived
farther from the coast were more likely to stay within their locality than to evacuate to
another destination, potentially due to high costs associated with evacuation (Smith, 1999).
Yin et al. (2014b) also found that evacuees who lived in single family homes and/or
households with children intended to evacuate to a destination outside their locality
(Miami). The socioeconomic and demographic variables that were statistically significant
in their model are summarized in Table 5.2.
Prior studies found the availability of accommodations to influence the evacuees’
destination choice. Dow and Cutter’s (2002) analysis revealed that an evacuee’s destination
choice was heavily dependent on the availability of friends and family members outside
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their county, and accommodation facilities in their final destinations. Specifically, Yin et
al. (2014b) found that the availability of friends at the destination leads to a positive effect
between staying with a friend and staying within Miami or their locality.
5.3.2 Accommodation Type
Accommodation type refers to the facility in a destination zone where evacuees stay
until they can return to their homes. Prior studies reported that friend/family member’s
(peer’s) home, commercial establishments (hotels/motels) and public shelters are the
common accommodation types selected during hurricane evacuation. A peer’s home is
highly preferred, followed by hotels/motels and finally, public shelters (Bian et al., 2019;
Yin et al., 2014b; Whitehead et al., 2000a; Whitehead, 2003; Mesa-Arango et al., 2013;
Lindell et al., 2011, and USACE, 2017) as shown in Table 5.1. Lindell et al. (2019)
estimated the range of evacuees for each accommodation type as 54% to 70% with a
median estimate of 62% for friends/relatives (peer), 16% to 32% with a median estimate
of 27% for hotels/motels, and 2% to 6% with a median estimate of 3% for public shelters.
Previous studies, such as Murray-Tuite et al. (2012), Zhu et al. (2018), Wu et al. (2012),
and Chen (2005), reported that a significant percentage of evacuees stayed in another
accommodation type called other as summarized in Table 5.1. Mesa-Arango et al. (2013)
defined other accommodation type to include workplaces and churches. For our paper,
other includes public shelters, churches, workplaces and another property that the
household may own.
Socioeconomic and demographic factors have been found to be significant
predictors of accommodation types. For example, Wu et al. (2012) analyzed the logistics
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of hurricane evacuation for residents in Louisiana and Texas during Hurricanes Katrina
and Rita. From their correlation analysis, they found that married evacuees, households
with children and those with larger household sizes were less likely to stay with peers.
Their analysis also revealed that married evacuees, younger respondents and households
with children were more likely to stay in hotels. However, Wu et al. (2013) reported that
those with larger household sizes were more likely to stay in commercial facilities or public
shelters. Both Wu et al. (2012; 2013) reported that Whites (Caucasians) were less likely to
stay in public shelters. Similarly, Wu et al. (2012) found that evacuees with higher
education, and those with higher income were less likely to stay in public shelters as shown
in Table 5.2, which is consistent with Whitehead et al.’s (2000a) findings. Similar to Wu
et al. (2012) and Smith and McCarthy (2009), Yin et al. (2014b) showed that respondents
self-identifying as Hispanic and those with low income were less likely to stay in hotels,
possibly due to hotels being an expensive alternative as compared to public shelters and
staying with friends/relatives (Mesa-Arango et al., 2013). Yin et al. (2014b) found that
households with low income and those who rented their homes were more likely to stay in
public shelters. Mileti et al.’s (1992) and Baker’s (2000) analyses of public shelter usage
during hurricane evacuations revealed that public shelters were mostly used by ethnic
minorities and households with lower incomes, which are consistent with the findings of
Wu et al. (2012), Yin et al. (2014b), Zhu et al. (2018), Mesa-Arango et al. (2013), Smith
and McCarty (2009), and Whitehead et al. (2000a). Despite the few reports of demographic
factors that influence the choice of other, Mesa-Arango et al. (2013) showed that Whites
(Caucasians) were more likely to stay in other accommodation type. Bian et al.’s (2019)
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estimation of joint accommodation type and mode choice from Hurricanes Gustav, Irene
and Sandy revealed that residential length (in years) had a positive effect on staying with
peers, which is consistent with the findings in Smith and McCarty (2009) and Wu et al.
(2012). Noncitizen residents as well as evacuees with disabilities were more likely to use
public shelters. However, residents using transit for commuting purposes were less likely
to stay in a hotel, possibly because transit is less likely to take evacuees to the exact location
of the hotel as compared to taxis and other mode choices (Bian et al., 2019).
Similar to socioeconomic factors, staying in a mobile home and other vulnerable
housing types affects evacuees’ choice of accommodations. However, prior literature has
reported mixed effects between living in a mobile home and accommodation type. Yin et
al. (2014a) reported a negative correlation between public shelters and living in a mobile
home, but found a positive association between living in mobile home and choice of staying
with a friend or in a hotel. Similarly, Smith and McCarty (2009) found a positive
association between mobile home dwellers and staying with peers. However, Smith and
McCarty’s (2009) results showed a positive association between mobile home usage and
public shelters, while the association between staying in a hotel and mobile home residents
was negative. Damera et al. (2019) suggest that most mobile home residents tend to have
low income and so they are more likely to stay in public shelters (Whitehead et al., 2000a).
Previous studies have reported mixed effects between pet ownership and
accommodation type. The correlation analysis in Yin et al. (2014a) found a positive effect
between pet ownership and staying at a hotel/motel and a negative correlation between pet
ownership and the choice of staying with peers and public shelters. Similarly, Whitehead
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et al. (2000a) reported a negative effect between pet ownership and public shelters.
However, their study found a negative association between pet ownership and choice of
hotels, which conflicts with the findings in Yin et al. (2014a).
Receiving an evacuation notice influences a household’s choice of an
accommodation type. Mesa-Arango et al. (2013) found that Hurricane Ivan evacuees from
Florida, Alabama, Louisiana and Mississippi who received an official evacuation notice
were more likely to stay in a hotel. Similarly, Yin et al. (2014a) reported that evacuees who
received mandatory evacuation notices were more likely to stay in a hotel or in a public
shelter and less likely to stay with friends.
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Table 5.1: Summary of Destination and Accommodation Type Studies in Hurricane Evacuation Literature
Author [Sample Size]
Mesa-Arango et al.
(2013) [n=1419]

Friend (59%), Hotel (26%), Other (9%), Shelter (3%)

Ivan (2004)

Bian et al. (2019)
[n=839]

Friend (54%), Hotel (35%), Shelter & Others (10%)
Friend (83%), Hotel (10%), Shelter & Others (7%)
Friend (83%), Hotel (7%), Shelter & Others (10%)

Gustav (2008)
Irene (2011)
Sandy (2012)

Location
Florida, Mississippi,
Alabama &
Louisiana
Louisiana
New York
New York

Friend (70%), Hotel (16%), Shelter (6%)

Bonnie (1998)

North Carolina

Friend (42%), Hotel (12%), Shelter (26%), Others (20%)

Hypothetical

New Jersey

Shelter (27%), Other (73%)

Hypothetical

New Jersey

Friend (54%), Hotel (29%), Shelter (3%)

Lili (2002)

Louisiana

Friend (36%), Hotel (19%), Shelter (1%), Others (44%)

Floyd (1999)

South Carolina

Friend (59.9%), Hotel (26.3%), Shelter (12.2%), Others (4.3%)

Bonnie (1998)

North Carolina

Hurricane

Location

Whitehead et al.
(2000a) [n=895]
Yang et al. (2016)
[n=121]
Zhu et al. (2018)
[n=1007]
Lindell et al. (2011)
[n=260]
Chen (2005) [n=1887]
Whitehead (2003)
[n=673]
Author
Murray-Tuite et al.
(2012) [n=331]

Accommodation Type

Accommodation Type
Friend (57%), Hotel (28%),
Shelter (1%), Others (14%)
Friend (56%), Hotel (31%),
Shelter (1%), Others (11%)

Wu et al.( 2012)
[n=1028]

Friend (61%), Hotel (18%),
Shelter (3%), Others (18%)

Yin et al. (2014b)
[n=414]

Friend (67.15%), Hotel
(24.40%), Shelter (8.45%)
Friend (54%), Hotel (31%),
Shelter (6%), Others (9%)
Friend (53%), Hotel (34%),
Shelter (5%), Others (7%)
Friend (69%), Hotel (23%),
Shelter (5%), Others (4%)

USACE (2017)
[n=2600]

Destinations

Hurricane

Same County (11%), Out of County (89%)

Ivan (2004)

Same County (19%), Out of County (81%)

Katrina (2005)

East Tx (41%), Cent Tx (20%), North Tx
(9%), West Tx (3%), Coast Tx (2%),
Dallas/Fort Worth (5%), Own City (0.3%),
Multi Destinations (1%), Other State (18%)

Katrina & Rita
(2005)

Texas and Louisiana

Local (41.58%), Out-of-Miami (58.42)

Hypothetical

Florida

Within Parish (8%), Another Parish (35%),
Out of State (57%)
Within Parish (9%), Another Parish (30%),
Out of State (61%)
Within Parish (25%), Another Parish (37%),
Out of State (38%)
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Florida, Mississippi,
Alabama &
Louisiana

Katrina (2005)
Gustave (2008)
Isaac (2012)

Southeast Louisiana

Author
Dow and Cutter (2002)
[n=536]
Dash and Morrow
(2001) [n=719]
Morrow and Gladwin
(2005) [n=3200]

Destinations
In-county (9%), Out-of-County (56%), In-state (32%),

Hurricane

Location

Floyd (1999)

South Carolina

In-county (18.9%), Out-of-County (81.1%),

Georges (1998)

South Florida

Within neighborhood (19%), Within County (13%)

Ivan (2004)

Florida, Mississippi,
Alabama, &
Louisiana

Note: n=Number of observation used in the study
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Table 5.2: Summary of Findings for Destination and Accommodation Type Studies
Accommodation Type
Factor

Friend

Wu et al. (2012) (↓); aYin et
al. (2014a) (↑)
a
Wu et al. (2012) (↓); bSmith
and McCarty (2009) (↑)

Household Characteristics
Mesa-Arango et al. (2013) (↓);
a
Yin et al. (2014b) (↓)
a
Smith and McCarty (2009) (↑);
a
Wu et al. 2012 (↑); bYin et al.
(2014a) (↑)
a
Wu et al. (2012) (↑); bYin et al.
(2014a) (↑)
b
Smith and McCarty (2009) (↑);
a
Wu et al. (2012) (↑)

a

a

a

Low Income
Higher Income
Larger household
Children in the
household
Marital Status
(married)
Gender (Female)
Older age
Race (White)
Race (Hispanic)
Race (Black)

Hotel

b

Smith and McCarty (2009)
(↑); bYin et al. (2014a) (↑)
a

Wu et al. (2012) (↓)

a

Smith and McCarty (2009)
(↑)
b
Smith and McCarty (2009)
(↑)
a

Cheng et al. (2008) (↑)

b

Smith and McCarty (2009)
(↑)
b
Smith and McCarty (2009)
(↑)

Wu et al. (2012) (↑)

b

Wu et al. (2014) (↑)

Mobile home user

Smith and McCarty (2009)
(↑); bYin et al. (2014a) (↑)

Yin et al. (2014b) (↑);Mileti et al.
(1992) (↑)
a
Wu et al. (2012) (↓); bSmith and
McCarty (2009) (↓); bYin et al.
(2014a) (↓)
b
Wu et al. (2012) (↑); b Yin et al.
(2014a) (↑)
b
Smith and McCarty 2009 (↓); bWu et
al. (2012) (↑)

b

b

Smith and McCarty (2009) (↓)

a

Cheng et al. (2008) (↑);
Whitehead et al. (2000a) (↓)
a
Yin et al. (2014b) (↓); bSmith
and McCarty (2009) (↓)
a

b

Smith and McCarty (2009) (↓)

b

Wu et al. (2012) (↑)

a

Smith and McCarty (2009) (↓);
Whitehead et al. (2000a) (↓);
b
Yin et al. (2014a) (↑)
a
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Yin et al. (2014b)
(↑)

a

Yin et al. (2014b)
(↓)

Wu et al. (2012) (↓)

b

Smith and McCarty (2009) (↓);
Whitehead et al. (2000a) (↑)

a

b
b

Renting current
home
b

a

b

Residents with
disability
Higher Education

Public Shelter

Destination Type
Within Evacuees’
Locality

Smith and McCarty (2009) (↓);
Whitehead et al. (2000a) (↓)
b
Smith and McCarty (2009) (↑); Mileti
et al. (1992) (↑)
a
Wu et al. (2012) (↓); bWhitehead et
al. (2000a) (↓)
b

Smith and McCarty (2009) (↑)

a

Yin et al. (2014b)
(↑)

b

Smith and McCarty (2009) (↓)

a

Bian et al. (2019) (↑)

a

Wu et al. (2012) (↓)

a

Yin et al. (2014b) (↑)

a

Smith and McCarty (2009) (↑); bYin
et al. (2014a) (↓); bWhitehead et al.
(2000a) (↓)

a

Yin et al. (2014b)
(↓)

Living in single
family home
Distance to the
coast (farther)
Residence duration
(longer)
Previous hurricane
Experience
Wind Risk
Flood Risk
Risk indicator
Receiving official
evacuation notice

a

Yin et al. (2014b)
(↑)
b

Wu et al. (2012) (↑)

a

Wu et al. (2012) (↓)

a

Wu et al. (2012) (↑)

a

Smith and McCarty (2009) (↓)

a

Smith and McCarthy (2009) (↓)

a

Bian et al. (2019) (↑);
Smith and McCarty (2009)
(↑)
a
Mesa-Arango et al. (2013)
(↑); bSmith and McCarty
(2009) (↑)
a

b

Smith and McCarty (2009) (↓)

Risk Perception Factors
Whitehead et al. (2000a) (↑)
b
Whitehead et al. (2000a) (↓)
a
Cheng et al. (2008) (↓)
Evacuation Notice
b

a

Cheng et al. (2008) (↓)

a

b
a

Smith and McCarty (2009) (↑);
Mesa-Arango et al. (2013) (↓)

b

Whitehead et al. (2000a) (↓)
Whitehead et al. (2000a) (↑)

b

Mesa-Arango et al. (2013) (↑)

Evacuation Impediments
a
Work requirements
Mesa-Arango et al. (2013) (↑)
a
a
Total cost of
Wu et al. (2012) (↓);
Wu et al. (2012) (↑); aLindell et bWu et al. (2012) (↓); bLindell et al.
a
evacuation
Lindell et al. (2011) (↓)
al. (2011) (↑)
(2011) (↓)
Note: “↑” indicates increased likelihood effect; “↓” indicates decreased likelihood effect; astudy found the corresponding factor to be significant; bstudy
found the corresponding factor to be non-significant. With regard to modeling methodology, Bian et al. (2019) and Mesa-Arango used nested logit models;
Smith and McCarty (2009) used binary logit models; Yin et al. (2014b) used both binary and multinomial logit models, Whitehead et al. (2000a) used
multinomial logit models, both Lindell et al. (2011) and Wu et al. (2012) used correlation analyses
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Figure 5.1: Destination Zones based on Directions of Transportation Network Emanating from Jacksonville
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Note: The boxes around the zones are artificial and merely intended to shown distinctions among adjacent zones. Zone 1 corresponds to
those who stayed within Jacksonville), zone 2 is the eastern portion of Duval County (beyond Jacksonville), zone 3 extends to the north of
I-95 (e.g., St. Marys, GA), zone 4 extends to the northwest of US-15 (e.g., Albany, GA), zone 5 extends to the west of I-10 (e.g., Tallahassee),
zone 6 extends to the south of US-21 (e.g., St. Petersburg), and zone 7 extends to the south of I-95 (e.g., Miami).
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5.3.3 Research Hypotheses
The following hypotheses (first four hypotheses for destinations and the remaining
five for accommodation type) are examined in this study. Figure 5.1 shows the destination
zones used for this paper.
H1: The number of household vehicles used for evacuation positively associates with
destination zone 1.
Households who travel longer distances during evacuation are likely to bring fewer
vehicles (Yin et al., 2014a). In our study, we hypothesize that households who used more
vehicles for evacuation were likely to evacuate to destination zone 1 (see Figure 5.1). Zone
1 is in the same county as Jacksonville and such evacuating households are likely to drive
for shorter distances as they evacuate to this zone. Furthermore, households who select
closer destinations may bring along more possessions (Dow and Cutter, 2002), which
require more space (Yin et al., 2014a).
H2: Extent of understanding hurricane-related graphics in the news about Hurricane
Matthew wind gusts and rainfall maps negatively associate with destination zones 1, 2, 3,
and 7.
Hurricanes cause destruction with storm surge, rainfall and high wind (Lin et al.,
2010). Sherman-Morris et al. (2015) observed that regardless of expertise, participants in
their study answered questions that probed their understanding of storm surge potential
maps and wind gusts information correctly. This implies that at-risk residents who
understand hurricane-related graphics about wind gusts and rainfall to a greater extent are
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less likely to choose destination zones 1, 2, 3, and 7 since hurricanes are associated with
heavy rainfall and storm surge. Evacuees may feel unsafe about evacuating to such zones
due to its proximity to water.
H3: Perceived certainty about the location of hurricane impact negatively associate with
destination zones 1, 2, 3, and 7.
Baker (1991) indicated that 55% of Hurricane Diana evacuees from North Carolina
evacuated because they were convinced or certain that the hurricane would make landfall
close to their area. This suggests that at-risk residents with higher perception of certainty
about the location of hurricane impact are more likely to evacuate to a safer location that
may not be affected by the damage from the hurricane or its associated impacts (provided
that the landfall is close to them). However, evacuees are less likely to evacuate to
destination zones 1, 2, 3, and 7 since it is along the coast.
H4: Having a household member who has special medical needs negatively associate with
destination zones 1, 2, 3, and 7.
Whitehead et al. (2000b) and Van Willigen et al. (2002) reported inconsistent
findings about households with special medical needs during hurricane evacuation.
Whitehead et al. (2000b) reported that households with members who have special medical
needs were more likely to evacuate in Hurricane Bonnie while Van Willigen et al. (2002)
demonstrated that such households were less likely to evacuate in Hurricane Floyd.
Hurricanes are likely to cause disruption to medical equipment which may use electricity
or home care of the household member with special medical needs (Horney et al., 2010).
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This implies that such a household is less likely to stay within destination zones 1, 2, 3,
and 7, especially when they know that the hurricane may disrupt the care given to a
household member. They may prefer to go to a destination zone where the medical
equipment of their household member would not encounter power outages.
H5: Evacuating a day before landfall negatively associates with evacuees who stayed in a
hotel.
Previous studies (Baker, 2000; Mileti et al., 1992) demonstrated that evacuees with
low income and late departures are more likely to stay in public shelters than hotels. Hasan
et al. (2013) extended their findings by reporting that late evacuees may have fewer
resources needed for evacuation (such as being able to pay for a hotel room). This suggests
that late evacuees may not have enough resources that would allow them to stay more
nights than necessary. Moreover, some hotels might be full by then.
H6: Greater concern about out of pocket expenses for food, gas and lodging while away
from home positively associates with evacuees who stayed with a peer.
In general, evacuees who stay with peers are less likely to pay for lodging or room
rentals. This implies that households who have greater concerns about spending are more
likely to stay with a peer. This is consistent with prior literature that found that evacuees
who stayed with friends and relatives paid less for food, lodging, transportation and total
evacuation cost (Wu et al., 2012; Lindell et al., 2011).
H7: Marital status (married) positively associates with staying in a hotel during
evacuation.

172

Wizemann et al. (2014) argued that married evacuees were more likely to have
children and other vulnerable household members who need to be protected from the
impacts of the hurricane, which is consistent with the findings of Wu et al. (2012).
However, married evacuees are less likely to stay with friends, possibly because peers may
not have enough rooms to accommodate them (the married couple) as well as their children
or other vulnerable household members who may evacuate with them. Therefore, we
anticipate that married evacuees are more likely to stay in commercial establishments.
H8: Perceived certainty about time of hurricane impact positively associates with evacuees
who stayed with a peer.
Previous studies (Wood et al., 2018; Lindell, 2018) suggest that at-risk residents
are likely to evacuate if they receive information indicating the specific time, location and
intensity of the impending hurricane. This implies that at-risk residents with higher
perceived certainty about the specific time of hurricane impact are more likely to evacuate.
Evacuees are more likely to stay with a friend from whom they have received evacuationrelated information or warnings (Litt, 2008). Such evacuation-related information could
include the anticipated time of hurricane impact as well as the friend having space to
accommodate them during evacuation. Therefore, we hypothesize that evacuees with
greater perceived certainty about the time of hurricane impact may prefer to stay with their
peers.
H9. Total frequency of communication with all (up to five) peers positively associates with
staying with a peer.
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Collins et al. (2018) reported that at-risk residents depend on their social networks
for support during emergencies. Damera et al. (2019) further argued that at-risk residents
are more likely to frequently communicate with alters (members of their networks) who
live close to them, thereby making it easier for such at-risk residents to evacuate to the
homes of their peers. Also, greater communication frequency could mean that at-risk
residents are seeking recommendations from alters about other friends or relatives with
whom they can stay during evacuation. We anticipate that greater sums of communication
frequency with alters would be positively associated with the choice of staying with a peer.
5.4 Data Description
Overview of the survey is discussed in section 5.4.1, distribution of dependent
variables discussed in section 5.4.2, sample characteristics of explanatory variables
explored in section 5.4.3 and raking method to reduce the sample bias is discussed in
section 5.4.4.
5.4.1 Overview of Survey
Following Hurricane Matthew (2016), an eight-page behavioral survey was mailed
to 5,000 households in the Jacksonville, FL metropolitan area during the summer and fall
of 2017. The households were selected via a disproportionate stratified sampling procedure
by considering the impacts of coastal surge, high wind, and intensive flooding during and
after the major hurricane. Storm surge data retrieved from Hurricane Matthew advisories
(National Weather Service, 2017) were mapped into surge zones that were overlaid with
two other sampling factors – mandatory vs. voluntary evacuation zones (Florida Division
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of Emergency Management, 2017) and urban vs. rural area (U.S. Census Bureau, 2017).
Numbers of households in each zip code were computed by taking all three sampling
factors (i.e., surge zone, mandatory/voluntary evacuation and urban/rural area) into account
for a random selection from over 1.3 million people in the metropolitan area. The survey
distribution followed a standard four-wave procedure (i.e., three complete survey packets
and a postcard reminder) recommended by Dillman et al. (2014). The self-administered
survey questionnaire was also made available on surveymonkey.com if one preferred web
entry. After removing incomplete responses from mail and web responses, a total of 217
valid responses yielded the final dataset for modeling destinations and 2016 for
accommodation type. However, due to missing observations, 148 observations were used
for modeling destinations while 143 observations were used for accommodation type
modeling.
5.4.2 Distribution of Dependent Variables
Table 5.3 presents a distribution of destinations and accommodation type for
households in Jacksonville, FL during Hurricane Matthew. Seven destination zones
(alternatives) were created based on evacuees’ destination locations relative to the direction
of the transportation network emanating from Jacksonville as shown in Figure 5.1. Duval
County has two zones. Zone 1, which captures evacuees who evacuated to the eastern
portion of the county, had 16.6%, a little more than those who stayed in zone 2 (within
Jacksonville). The combined percentage of evacuees for zones 1 and 2 (26.7%) is
consistent with the percentage (25%) of Southeast Louisiana evacuees reported to have
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stayed within their county during Hurricane Isaac (USACE, 2017). The percentages of
evacuees traveling to the remaining 5 zones outside Duval County are shown in Table 5.3.
With regard to accommodation type, the corresponding options include peers’
homes, hotels/motels, and other accommodation type. Peers’ homes had the highest
percentage (63.0%), followed by hotels (30.5%), and other (6.5%) as shown in Table 5.3,
which is consistent with previous studies shown in Table 5.1.
Table 5.3: Distribution of Destinations and Accommodation Type
Number
Number
Destination Zone
Accommodation
(Percentage)
(Percentage)
1 (Duval County)
36 (16.6%)
Peer
136 (63.0%)
2 (Duval County)
22 (10.1%)
Hotel/Motel
66 (30.5%)
3 (North)
10 (4.6%)
Other
14 (6.5%)
4 (Northwest)
37 (17.1%)
Total
216 (100%)
5 (West)
28 (12.9%)
6 (Southwest)
37 (17.0%)
7 (South)
47 (21.7%)
Total
217 (100%)
2
22  104.1 , p < 0.01
6  28.5 , p < 0.01
5.4.3 Sample Characteristics of Explanatory Variables
Table 5.4 provides the descriptive statistics for both dependent and independent
variables. However, the discussion here is focused on the independent variables. For
variables measured on a Likert-scale such as certainty factors (1 = not at all certain and 5=
very certain), and concern about risks factors (1 = not at all concerned and 5 = very great
extent), these variables were transformed to percent of maximum possible score (POMP)
as shown in eq. (5.1) (Cohen et al., 1999).

POMP 

(Observed  Minimum)
100%
(Maximum  Minimum)
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(5.1)

where observed is the observed score for a single case, minimum is the minimum possible
score on the scale, and maximum is the maximum possible score on the scale. Cohen et al.
(1999) suggests that POMP provides a metric that is easily understood especially in the
interpretation of regression coefficients for variables measured on Likert-scale. However,
the transformation of these variables does not affect the goodness of fit measures of the
models estimated (Cohen et al. 1999).
From our sample, the average number of household vehicles used for evacuation is
1.32, which is consistent with the findings of Yin et al. (2014a), who reported that
Hurricane Ivan evacuees used 1.38 vehicles for evacuation. Similarly, Lindell et al. (2019)
reported of a median number of vehicles per household as 1.38, which was based on much
larger number of evacuations. Fifty-nine percent of the respondents reported receiving an
official evacuation notice.
Based on a Likert-scale for certainty factors, and concern about risks factors that
were transformed to percent of maximum score, 65% of the evacuees reported to be certain
or very certain for both time of hurricane impact and location of hurricane impact.
Approximately 14% reported being concerned to a great extent or very great extent about
out of pocket expenses and over 44% reported being concerned to a great extent or very
great extent about damage to their home from wind. Thirty-one percent reported being
concerned to a great extent or very great extent about getting stuck in major traffic
congestion.
A higher percentage of respondents were married (68%) and female (62%). About
52% of the respondents were above 65 years old and 67% of them had college education
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or higher. The average annual income for households is $68,188. Compared with census
reports (United States Census Bureau, 2018) (as shown in Appendix 5.A), households with
higher annual income, respondents over 65 years old, married couples, females, and those
with college education or higher were oversampled, potentially due to the low response
rate of our survey. Weighting of the survey data is discussed below.
5.4.4 Rake Weighting and Bias Estimation
Rake weighting (also known as sample balancing, ratio estimation or proportional
fitting) is a method for adjusting sample weights to better match population totals (Cohen,
2008). The procedure uses the known marginal population totals to adjust the sample
weights so that they add up to the known population totals (Mercer et al., 2018). After rake
weighting, the sample becomes a better reflection of the population and, as such, models
generated with the weighted sample help make relevant and appropriate inference about
the population (Andersen and Fricker, 2015).
Demographic variables available in the survey data were used to carry out the rake
weighting procedure. Age (18 to 45, 45 to 59 and 60+), gender (male or female) and
education (college educated or not college educated) were the demographic variables used
and their corresponding marginal population totals were obtained from the United States
Census (2018). These variables were chosen because they are not strongly correlated and
the weights generated from them would help match the sample demographics to the
population demographics (Andersen and Fricker, 2015). IBM SPSS Statistics 24 was then
used to estimate the weights based on the relative frequencies of these variables in the
population (marginal population totals).
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To assess the rake weighting, overall change in bias was estimated using
demographic variables (marital status and different income levels) that were not used in
the weighting process. Mercer at al. (2018) indicated that bias estimation for each category
is the difference between the survey estimate and the marginal total. Based on marital status
and income levels, the bias was reduced from 14% (unweighted data) to 9% (weighted
data), a reduction of 5% as shown in Appendix 5.C.
5.5 Methodology
Discrete choice models have been used in hurricane evacuation studies to analyze
how factors (e.g., Lim et al., 2016; Hasan et al., 2011; Yin et al., 2014b; Murray-Tuite et
al., 2012; Sadri et al., 2017; Mesa-Arango et al., 2013) are associated with the choices
made by households by taking into account the set of alternatives available to them. The
multinomial logit model (MNL) has been used in previous hurricane evacuation studies
(e.g., Cheng et al., 2008; Lim et al., 2016) to model unordered discrete choice outcomes
with more than two alternatives. Since the responses for both destination and
accommodation type are described by unordered discrete choice outcomes (seven
alternatives for destination and three alternatives for accommodation type), MNL is used.
Also, previous studies such as Yin et al. (2014b), Cheng et al. (2008), Whitehead et al.
(2000a), and Wong et al. (2018) have used MNL to model destinations and accommodation
type. For details on MNL modeling and parameter estimation, see Washington et al. (2011),
Train (2009), and Greene (2002).
Nlogit version 6.0 was used to estimate both destination and accommodation choice
models after the data was cleaned. Preliminary models (for both destinations and
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accommodation type) were estimated by assigning explanatory variables to each
alternative based on stated research hypotheses and prior studies on hurricane evacuation.
Steyerberg et al. (2004) and Lim et al. (2016) suggest that backward stepwise method is an
effective and efficient technique for downsizing an extensive amount of explanatory
variables (as shown in Table 5.4) that could be used for modeling. Therefore, final models
for both destination and accommodation type models were developed manually with only
explanatory variables that are statistically significant at the 0.01 level, as non-significant
variables were removed from the preliminary models using a manual backward stepwise
method. Independent variables with an intercorrelation (see Table 5.5) of 0.4 or more were
not included in the same model.
Final models for both destination and accommodation type models were then tested
for random parameters/effects. However, none of the standard deviations of the random
parameters or effects in either the destination or accommodation type model were
significant at the 0.01 level. The likelihood ratio (LR) as shown in Eq. (5.2) (Washington
et al., 2011) was used to test the null hypothesis that the exogenous variable parameters for
each model are zero.

LR  2[ LL(  R )  LL( C )]

(5.2)

where LL (βC) is the log-likelihood at convergence, and LL (βR) is the restricted loglikelihood. LR is χ2 distributed with degrees of freedom equal to the difference in the
number of parameters used in the restricted and unrestricted models (Washington et al.,
2011). Adjusted ρ2 was also used to assess the overall goodness of fit of the final models
(both destination and accommodation type) generated.
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5.6 Results
Multinomial logit model results for destination and accommodation type are shown
in Tables 5.6 and 5.7, respectively. Both Tables 5.6 and 5.7 have preliminary models that
contain potential variables that were likely to influence a household’s choice of destination
and accommodation type respectively. Selected variables were based on the stated research
hypotheses and prior hurricane evacuation studies. Based on the substantial number of
significance tests for the intercorrelations among the variables as well as the models for
both destinations and accommodation type, false discovery rate was used to control for
experiment-wise error rate, which produces more powerful effects as compared to
Bonferroni correction (Benjamini and Hochberg, 1995; Glickman et al., 2014). Specifying
a false discovery rate of 0.05 for 679 statistical significance tests, this yielded a critical pvalue of 0.01, and as such significant variables in both final models for both destinations
and accommodation type models as well as the intercorrelations among the independent
variables are only significant at p < 0.01.
For the final destination model, nine variables were statistically significant. These
included the number of household vehicles used for evacuation, having a household
member who has special medical needs, receiving official evacuation notice, extent of
understanding hurricane-related graphics about potential wind gusts and rainfall maps,
distance of home from the coast, having a peer in the final destination, concern about traffic
congestion, annual household income, and perceived certainty about the location of
hurricane impact. However, six other variables were non-significant (living in a detached
single family home, consistency of information received, household size, previously
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evacuating and the hurricane hitting the community, concern about death or injury, and
evacuating a day before landfall) as shown in Table 5.6.
With regard to the accommodation type model (as presented in Table 5.7), six
variables were statistically significant (married, evacuating a day before landfall, receiving
official evacuation notice, concern about out of pocket expenses, perceived certainty about
the time of hurricane impact, and total frequency of communication with alters), while five
variables were non-significant: female (gender), having a postgraduate education, concerns
about damage to home from wind, previously evacuating and the hurricane hitting the
community, and having a household member who is over 65 years old.
For both destination and accommodation type models, additional potential
explanatory variables were explored. However, these variables correlated (0.4 or greater)
with those shown in Table 5.5 (estimated using the point-biserial method), and as such
were not used. The likelihood ratio tests for both models rejected the null hypotheses that
exogenous variable parameters are zero. The adjusted ρ2 for both destination and
accommodation type models indicated good fit for both models, especially as McFadden
(1977) suggests that ρ2 values between 0.2 and 0.4 represents excellent fit for discrete
choice models
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Table 5.4: Descriptive Statistics of Variables (Unweighted)
Variable

Dependent
Variables

[Zone 1]a
[Zone 2]a
[Zone 3]a
[Zone 4]a
[Zone 5]a
[Zone 6]a
[Zone 7]a
[AccoFr]a
[AccoHm]a
[AccoOt]a

[Inc]b
NumVeh
MilCoast
HhSize
[Peer]a
a

[DetHome]
[Married]a
Explanatory [PostGrad]a
Variables
[SpecMed]a
[Female]a
[Elder]a
[PocExp]c
[Cong]c
[ConInj]c

Description

Min

Max

Mean

Whether the household evacuated to zone 1
Whether the household evacuated to zone 2
Whether the household evacuated to zone 3
Whether the household evacuated to zone 4
Whether the household evacuated to zone 5
Whether the household evacuated to zone 6
Whether the household evacuated to zone 7
Whether the household stayed in a friend/peer’s house
Whether the household stayed in a hotel
Whether the household stayed in other accommodation type
Household Characteristics
Annual household income in thousands of $US
Number of household vehicles used for evacuation
Distance of home from the coast in miles
Household size
Whether householder has close friends/relatives in their final
destination
Whether household lives in a detached single family home
Whether householder is married
Whether householder’s level of education is postgraduate
Whether household member has special medical needs
Whether householder’s gender is female
Whether household has a member who is over 65 years old
Evacuation-Related Characteristics
Extent of concern about out of pocket expenses for gas, food, and
lodging while away from home
Extent of concern about the possibility of being stuck in a major
traffic congestion
Extent of concern about injury or death to yourself or members
of the household

0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00

0.17
0.10
0.05
0.17
0.13
0.17
0.22
0.63
0.31
0.06

Standard
Deviation
0.37
0.30
0.21
0.38
0.34
0.38
0.41
0.48
0.46
0.25

15.00
1.00
0.00
1.00

100.00
4.00
56.00
7.00

68.18
1.32
10.24
2.21

29.40
0.64
12.34
1.17

0.00

1.00

0.73

0.44

0.00
0.00
0.00
0.00
0.00
0.00

1.00
1.00
1.00
1.00
1.00
1.00

0.88
0.68
0.25
0.18
0.61
0.38

0.33
0.47
0.43
0.39
0.49
0.49

0.00

100.00

23.34

30.06

0.00

100.00

38.98

37.13

0.00

100.00

31.76

32.05
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[WindDam]
c

Extent of concern about major damage to home from wind

[DayEvac]a

0.00

100.00

55.28

30.18

Whether the household evacuated a day before landfall
0.00
1.00
0.55
0.50
Whether
the
household
previously
evacuated
and
the
hurricane
[PreEvac]a
0.00
1.00
0.10
0.30
hit their community
Perceived Certainty Factors
[CerTime]c
Perceived certainty about time of hurricane impact
0.00 100.00
74.14
27.41
[CerLoc]c
Perceived certainty about location of hurricane impact
0.00 100.00
55.28
30.18
Information-Related Characteristics
Extent of understanding hurricane-related graphics information
[ExtWind]c presented in the news about Hurricane Matthew potential wind 0.00 100.00
82.41
20.92
gusts and rainfall maps
[OffNote]a
Whether household received official evacuation notice
0.00 100.00
0.75
0.44
ComFreq
Total frequency of communication with all (up to five) peers
1.00
25.00
10.87
5.89
Extent
of
consistency
of
information
received
about
Hurricane
[ExtInfo]c
0.00 100.00
66.23
19.14
Matthew
Note: Other accommodation type include public shelters, another property that the household may own, churches and workplaces; a Indicator
variable which takes on “1” if the statement is true; b Continuous variable that represents the midpoint of each income category in $1,000
(“<$15,000”, “$15,000 to $30,000”, “$30,000 to $45,000”; “$45,000 to $60,000”, “$60,000 to $100,000”, “>$100,000”); c Variable
measured on Likert-scale (1 = not at all, 2 = slightly, 3 = moderate, 4 = great, 5 = very great) that was transformed to percent of maximum
score possible (0% = not at all, 25% = slightly, 50% = moderate, 75% = great, 100% = very great).

184

Table 5.5: Intercorrelations among Variables
Variable
1. Inc
2. NumVeh
3. MilCoast
4. HhSize
5. Peer
6. DetHome
7. Married
8. PostGrad
9. SpecMed
10. Female
11. Elder
12. PocExp
13. Cong
14. ConInj
15. WindDam
16. DayEvac
17. PreEvac
18. CerTime
19. CerLoc
20. ExtWind
21. OffNote
22. ComFreq
23.ExtInfo
24. Zone1
25. Zone2
26. Zone3
27. Zone4
28. Zone5
29. Zone6
30. Zone7
31. Acco_FR
32. Acco_HM
33. Acco_OT
Variable
21. OffNote
22. ComFreq
23. ExtInfo

1
.15
-.13
.31a
-.10
.19
.40a
.15
-.08
-.07
-.16
-.24a
.08
-.02
.05
.12
-.06
.08
.04
.09
.19a
.17
.05
-.10
-.11
-.02
.13
.03
.19
-.14
-.13
.15
-.02
21
.07
.12

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

-.10
.31a
.12
.11
.19a
-.04
-.08
.02
-.20a
.04
.06
.08
.17
.01
-.10
.15
.12
.09
.15
.09
.12
.19
.09
-.08
-.02
-.06
-.02
-.08
.03
-.09
.11
22

.13
.08
-.12
.07
-.13
.08
.01
.07
.06
.04
.04
-.10
.03
.08
-.08
-.08
-.03
-.30a
-.01
-.01
-.06
.01
-.01
.13
.02
-.06
-.03
.08
-.06
-.06
23

.01
.08
.54a
-.01
.09
-.02
-.10
.05
.18a
.21a
.05
.02
-.05
.06
.06
-.04
.07
.16
.03
.01
-.09
-.05
.21a
-.03
.10
-.17
.01
-.06
.10
24

-.09
-.09
-.19a
-.01
-.05
-.10
-.18
-.10
-.02
-.09
-.02
.15
.12
.07
.04
-.06
.14
.04
.10
.16
.13
-.16
-.21a
-.02
.07
.68a
-.66a
-.10
25

.15
.13
-.09
-.03
.05
-.03
.06
-.02
.08
.10
.02
.00
.04
-.04
.05
.03
.14
-.10
-.02
.02
-.05
-.02
.09
.08
-.05
.00
.10
26

-.04
.08
-.22a
.01
.01
.15
.12
.01
-.04
.04
.13
.11
.00
.04
.06
.03
.03
-.07
-.06
.15
-.07
.09
-.10
-.12
.09
.08
27

.03
-.04
.08
.05
.01
-.03
.09
.04
.03
.03
-.01
-.03
.01
.07
.05
-.03
-.06
.01
-.09
.13
.06
-.02
-.11
.15
-.07
28

-.09
.09
.15
.11
-.02
-.01
-.06
.13
-.12
.01
-.07
-.18
.10
-.08
.04
-.07
-.11
.14
.03
-.12
.02
-.03
.02
.02
29

-.01
.09
.09
.11
.19a
.09
-.11
.00
.06
.14
.07
.11
.23a
.08
-.15
.06
-.03
.06
-.01
-.01
.04
-.05
.02
30

-.10
-.19a
.00
-.28a
-.04
.02
.05
.14
-.11
.01
-.12
.10
-.08
.07
-.03
-.11
-.03
-.01
.17
-.05
.06
.00
31

.36a
.16
.15
-.12
.07
-.06
.01
-.10
-.04
-.04
-.04
.17
.04
-.16
.10
.01
-.09
-.12
-.20a
.18a
.06
32

.15
.23a
.00
.03
-.10
-.04
-.04
.07
.06
-.16
.04
-.04
-.01
.24a
.09
-.07
-.23a
-.09
.03
.11

.36a
-.08
.04
.11
.12
-.03
.08
.07
.05
.13
-.01
.01
.11
-.10
-.01
-.13
.02
-.02
.01

-.08
.11
.09
.05
.12
.06
.07
.11
.15
-.03
-.08
.02
.01
.08
-.16
-.06
.02
.09

-.06
-.06
-.04
.05
.09
-.03
-.04
-.06
-.04
-.03
-.12
.06
-.09
.29a
.04
-.06
.04

.07
.05
-.13
-.07
-.10
-.03
.05
.01
-.02
.01
-.07
-.05
.05
.11
-.13
.02

.73a
.19a
.20a
.06
.28a
.18
-.04
.09
-.15
-.05
.01
-.01
.09
-.11
.02

.17
.22a
.08
.23a
.23a
.01
.09
-.23a
.01
.07
-.09
.08
-.07
-.03

.08
.07
.31a
-.01
-.19a
.11
-.02
.02
.05
.05
.09
-.08
-.03

.04

-
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24. Zone1
25. Zone2
26. Zone3
27. Zone4
28. Zone5
29. Zone6
30. Zone7
31. Acco_FR
32. Acco_HM
33. Acco_OT

-.02
.01
.08
-.01
.01
.02
-.03
-.06
.08
-.05

-.02
-.12
.10
.07
-.04
.10
-.08
.20a
-.13
-.17

.01
-.08
.09
-.12
.01
.08
.05
.06
-.04
-.04

-.15
-.10
-.20a
-.17
-.20a
-.23a
-.04
-.01
.09

-.07
-.15
-.13
-.15
-.18a
.01
.01
-.03

-.10
-.08
-.10
-.12
.12
-.10
-.06

-.18
-.21a
-.24a
-.11
.12
-.02

-.18
-.20a
-.10
.07
.07

-.28a
.07
-.06
-.02

Note: a∼p < 0.01 (two-tailed)
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.08
-.06
-.05

-.87a
-.34a

-.18a

Table 5.6: Estimation Results for Preliminary and Final Destination Models
Final Model with only Significant
Variables
Coefficien Standard
Standard
p-Value
Coefficient
p-Value
t
Error
Error
2.16***
0.63
0.001
2.08***
0.63
0.001
***
***
2.17
0.72
0.003
2.21
0.71
0.002
***
***
-1.83
0.68
0.007
-1.90
0.66
0.004
-2.64
1.16
0.024
-3.43***
1.08
0.001
-1.33
1.78
0.454
n/a
n/a
n/a
***
***
-0.09
0.02
0.001
-0.10
0.02
0.001
1.86
1.45
0.200
n/a
n/a
n/a
***
4.16
1.97
0.034
5.60
1.37
0.001
***
-1.95
0.80
0.015
-2.89
0.66
0.001
-1.45***
0.53
0.006
-1.47***
0.52
0.005
***
***
0.11
0.03
0.001
0.11
0.03
0.001
0.03***
0.01
0.001
0.03***
0.01
0.002
-1.08
0.96
0.263
-1.91
0.86
0.030
0.01
0.01
0.743
n/a
n/a
n/a
0.51
0.23
0.026
n/a
n/a
n/a
n/a
n/a
n/a
0.53
0.55
0.340
-1.81
1.26
0.152
-1.47
0.51
0.032
0.04***
0.s01
0.001
0.04***
0.01
0.003
0.01
0.01
0.628
n/a
n/a
n/a
***
***
-3.48
1.24
0.005
-4.05
1.12
0.001
1.20
0.56
0.034
n/a
n/a
n/a
***
-0.02
0.01
0.016
-0.02
0.01
0.007
Summary of Goodness of Fit Measures
148
148
Preliminary Model with all Variables

Choice

Zone 1

Zone 2
Zone 3
Zone 4

Zone 5

Zone 6
Zone 7

Variable
NumVeh
SpecMed
OffNote
Constant
SpecMed
ExtWind
DetHome
Constant
Constant
Peer
MilCoast
Cong
Constant
ExtInfo
HhSize
PreEvac
Constant
Inc
ConInj
Constant
DayEvac
CerLoc

Number of observations
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Restricted Log-Likelihood
-273.14
-273.14
Log-Likelihood at
-205.55
-212.03
Convergence
ρ2
0.25
0.22
2
Adjusted ρ
0.17
0.17
2
χ statistic
135.17
128.03
Prob > χ2
<0.001
<0.001
Note (both Tables 5.6 & 5.7): Hypotheses variables are in italics; n/a = not applicable; ***∼p < 0.01
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Table 5.7: Estimation Results for Preliminary and Final Accommodation Type Models
Final Model with only Significant
Preliminary Model with all Variables
Variables
Choice
Variable
Standard
Standard
Coefficient
p-Value Coefficient
p-Value
Error
Error
Married
3.99***
0.97
0.001
3.82***
0.89
0.001
Elder
-0.67
0.72
0.352
n/a
n/a
n/a
***
***
OffNote
2.52
0.67
0.001
2.40
0.64
0.001
PostGrad
0.41
0.78
0.601
n/a
n/a
n/a
Hotel/Motel
WinDam
0.01
0.01
0.605
n/a
n/a
n/a
DayEvac
-1.58***
0.56
0.005
-1.64***
0.54
0.002
Constant
-2.67
1.69
0.115
-2.23
1.31
0.088
CerTime
0.03***
0.01
0.001
0.03***
0.01
0.001
Female
-0.07
0.51
0.889
n/a
n/a
n/a
***
***
ComFreq
0.16
0.05
0.002
0.14
0.05
0.003
Peer
PreEvac
0.52
0.83
0.533
n/a
n/a
n/a
***
***
PocExp
-0.03
0.01
0.004
-0.02
0.01
0.003
Constant
-0.07
1.09
0.950
-0.24
0.96
0.802
Other
Summary of Goodness of Fit Measures
Number of observations
143
143
Restricted Log-Likelihood
-108.09
-108.09
Log-Likelihood at Convergence
-70.02
-71.03
ρ2
0.35
0.34
2
Adjusted ρ
0.24
0.27
χ2 statistic
76.14
74.11
Prob > χ2
<0.001
<0.001
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5.6.1 Destination Model
The final destination model (as presented in Table 5.6) had seven utility expressions
(one expression for each zone), with zone 3 being as used the base case. The marginal
effects are shown in Table 5.8. Due to the number of variables involved in the utility
expressions, this section discusses only the variables that were in each utility expression.
The marginal effects for continuous variables that were linearly transformed from Likertscale to percent of maximum possible score (0% - not at all; 25% - slight; 50% - moderate;
75% - great; 100% - very great) have been multiplied by 25 to reflect a 25% change.
For the zone 1 utility expression, three variables were statistically significant. From
the marginal effects presented in Table 5.8, two of the variables in the zone 1 utility
expression (Table 5.6) had positive effects on the probability of a respondent evacuating
to zone 1. A unit increase (1 vehicle) in the number of household vehicles used for
evacuation increased the probability of evacuating to zone 1 by 17.8%. Having a household
member who has special medical needs increased the probability of evacuating to zone 1
by 18.8%. One variable, receiving official evacuation notice, had a negative effect –
decreasing the probability of a respondent evacuating to zone 1 by 16.2%, compared to
respondents who did not receive such notice.
With regard to the zone 2 utility expression, only one variable was statistically
significant. According to the marginal effects (Table 5.8), greater extent of understanding
hurricane-related graphics information about potential wind gusts and rainfall maps had a
negative effect – decreasing the likelihood of a respondent evacuating to zone 2 by 14.5%
for a 25% increase in understanding.
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Zone 3 was used as the base case for the destination model. From the marginal
effects shown in Table 5.8, all the variables had weak effects (probability less than 5%) on
the selection of this zone.
For destination zone 4, three factors were statistically significant in this
alternative’s utility expression. Marginal effects shown in Table 5.8 indicated that one
variable, having a peer in the final destination, had a negative effect. Having a peer in the
final destination (not necessarily zone 4) decreased the probability of evacuating to zone 4
by 19.8%, as compared to evacuees who did not have a peer in their final destination. The
remaining that two factors had positive effects on the likelihood of selecting zone 4. First,
an additional mile in the distance of home from the coast increased the probability of
evacuating to zone 4 by 1.5%. Finally, an increase in the extent of concern about traffic
congestion increased the likelihood of evacuating to zone 4 by 9.5% for a 25% increase in
concern.
For the zone 5 alternative, none of the variables was statistically significant in the
utility expression.
Zone 6 had only one factor that was statistically significant in the utility expression
for this alternative. According to the marginal effects shown in Table 5.8, an increase in
annual household income increased the likelihood of evacuating to zone 6 by 4.5% for a
$10,000 increase in annual income.
Finally, zone 7 had only one variable that was statistically significant in the utility
expression for this alternative. Per the marginal effects presented in Table 5.8, perceived
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certainty about location of hurricane impact, had a negative effect, decreasing the
probability of evacuating to zone 7 by 6% for a 25% change in certainty.
Table 5.8: Marginal Effects for Destination Variables
Variable
Zone 1 Zone 2 Zone 3 Zone 4
NumVeh
.178*** -.014*** -.007*** -.048***
SpecMed
.188*** -.015*** -.007*** -.051***
OffNote
-.162*** .013***
.006***
.044***
ExtWindd
.018*** -.145*** .005***
.035***
***
***
***
Peer
.034
.020
.009
-.198***
MilCoast
-.003*** -.002*** -.001*** .015***
d
Cong
-.015*** -.010*** -.005*** .095***
Inc
-.007*** -.004*** -.002*** -.012***
CerLocd
.008***
.005***
.003***
.015***

Zone 5
-.042***
-.044***
.038***
.033***
.050***
-.004***
-.025***
-.012***
.015***

Zone 6
-.037***
-.041***
.035***
.028***
.047***
-.004***
-.023***
.045***
.013***

Zone 7
-.028***
-.030***
.025***
.028***
.038***
-.003***
-.018***
.008***
-.060***

Note (for both Tables 5.8 and 5.9): ***∼p < 0.01; d Marginal effect for this variable was multiplied
by 25 to reflect a 25% change in the variable as this variable was linearly transformed from Likertscale to percent of maximum score possible (0% = not at all, 25% = slightly, 50% = moderate, 75%
= great, 100% = very great).

Table 9: Marginal Effects for Accommodation Type Variables
Variable
Hotel/Motel
Peer
***
Married
.499
-.458***
OffNote
.313***
-.288***
DayEvac
-.215***
.197***
d
***
CerTime
-.098
.119***
ComFreq
-.017***
.020***
d
***
PocExp
.071
-.087***

Other
-.041***
-.026***
.018***
-.021***
-.004***
.015***

5.6.2 Accommodation Type Model
The final accommodation model had three utility expressions, with other
accommodation type used as the base case.
For the hotel/motel utility expression, three variables were statistically significant.
From the marginal effects shown in Table 5.9, two of the variables had positive effects on
the choice of hotels/motels. First, being married increased the likelihood of staying in a

192

hotel/motel by 49.9%, compared to respondents who are unmarried. Second, receiving an
official evacuation notice increased the probability of staying in a hotel by 31.3%,
compared to respondents who did not receive such a notice. The remaining variable had a
negative effect on hotel/motel selection. Evacuating a day before landfall decreased the
probability of staying in a hotel/motel by 21.5%, compared to those who did not evacuate
that day.
With regard to a peer’s home, three variables were statistically significant in the
utility expression. Marginal effects presented in Table 5.9 indicated that two of the factors
had positive effects on staying with a peer. First was perceived certainty about time of
hurricane impact. A 25% increase in perceived certainty about the time of hurricane impact
increased the probability of staying with peers by 11.9%. Second was the total frequency
of communication with alters, where a unit increase in the total frequency of
communication with alters increased the chances of staying with a peer by 2%. The
remaining variable, concern about out of pocket expenses, had a negative effect. A 25 unit
increase in the extent of concern about out of pocket expenses decreased the probability of
staying with a peer by 8.7%.
The other accommodation alternative was the base case for the accommodation
type model. From the marginal effects shown in Table 5.9, all the variables had weak
effects (probability less than 5%) on selecting this accommodation type, and as such these
effects are not discussed
5.7 Discussion
The results discussed here are with respect to the research hypotheses.
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H1: The number of household vehicles used for evacuation positively associates with
destination zone 1.
This hypothesis was not rejected, which is consistent with the findings of Dow and
Cutter (2002) and Yin et al. (2014a). Potentially, households who were concerned about
the safety of their belongings during evacuation evacuated to this zone to protect their
possessions (including the multiple vehicles taken) (Murray-Tuite et al., 2012; Perry and
Lindell, 2007) in a destination with which they were familiar (as zone 1 was within their
county).
H2: The extent of understanding hurricane-related graphics information presented in the
news about Hurricane Matthew potential wind gusts and rainfall maps negatively
associate with destination zones 1, 2, 3, and 7.
This hypothesis was partially rejected. Based on the marginal effects (Table 5.8),
greater extent of understanding hurricane-related graphics of potential wind gusts and
rainfall maps was positively associated with destination zones 1, 3, and 7, which had
statistically significant marginal effects for these zones. However, this hypothesis with
regard to zones 1, 3, and 7 was rejected because the positive sign was directly opposite the
negative sign hypothesized (as presented in Table 5.8). For destination zone 2, this
hypothesis was not rejected, which may have increased evacuees’ confidence that zone 2
may flood and be impacted by strong or severe winds, thereby decreasing its desirability.
While prior research (e.g., Huang et al. 2016) has reported on evacuees’ expectation of
storm conditions at the trip origin (their community), this research is the first to explore
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storm characteristics at evacuee’s destination. Possibly, researchers have assumed that
evacuees always select safer destinations which are free from storm conditions.
H3: Perceived certainty about location of hurricane impact negatively associate with
destination zones 1, 2, 3, and 7.
This hypothesis was partially rejected. Based on the marginal effects (as shown in
Table 5.8), it was rejected with regard to destination zones 1, 2, and 3. The marginal effects
for these zones were statistically significant, but the positive sign was opposite the negative
sign hypothesized. With regard to destination zone 7, greater perception of certainty about
the location of hurricane impact may have discouraged evacuating to zone 7, which may
have convinced evacuees that this destination zone may not be safer than the their home
location. Based on the credibility, accuracy, and specificity of warning message content
(Wood et al., 2018; Lindell, 2018) as well as the interpretation of hazard maps (Lindell,
2020) some evacuees may become more certain about the location of impact may lead them
to select destination zones 1, 2, and 3, even though they are closer to the coast. However,
Dow and Cutter (2002) reported that some Hurricane Floyd evacuees from South Carolina
who evacuated to other at-risk areas experienced the impacts of the landfall, which suggests
that evacuees may be less likely to select zone 7, especially as they are certain that this
zone may be impacted. This variable had been not explored in previous destination
literature.
H4: Having a household member who has special medical needs negatively associate with
destination zones 1, 2, 3, and 7.
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This hypothesis was partially rejected. From the marginal effects presented in Table
5.8, statistically significant effects for destination zones 2, 3, and 7 were negative, which
suggest that this hypothesis was not reject for zones 2, 3, and 7. With respect to zone 1,
this hypothesis was rejected because the sign of the statistically significant marginal effect
was positive, which was opposite the negative sign hypothesized. Potentially, such a
household had a peer living in zone 1 (our sample revealed that 58% of such households
had a peer living in zone 1) who would help to take care of their household member.
H5: Evacuating a day before landfall negatively associates with evacuees who stayed in a
hotel.
This hypothesis was not rejected. Evacuees who departed a day before landfall may
have been gathering other household members (Liu et al., 2012) and deciding on where to
keep their pets, which may have prompted their decision to evacuate late. Such late
departure could also be that evacuees were milling (Wood et al., 2018) or seeking for
additional information (Czajkowski, 2011). Additionally, hotel rooms may have been filled
by then. Hasan et al. (2013) argued that late evacuees may have fewer resources needed
for evacuation, with Mesa-Arango et al. (2013) reporting that those with low income are
less likely to stay in a hotel. Mileti et al. (1992) drew a similar conclusion to that of MesaArango et al. (2013) based on a review of 23 evacuations. On the other hand, such evacuees
might have been able to wait because one of the many peers they contacted told them before
the evacuees left that they could take them in.
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H6: Greater concern about out of pocket expenses for food, gas and lodging is positively
associated with evacuees who stayed with a peer.
This hypothesis was rejected because the sign of the statistically significant
marginal effect was negative, which was opposite the positive sign hypothesized, and was
also inconsistent with the findings of Wu et al. (2012) and Lindell et al. (2011) with respect
to peers. This could be because cost sensitive evacuees who may want to minimize fuel
expenses (Brezina, 2008) were less likely to evacuate to a peer who lived far from them,
especially as only 14% of the respondents who stayed with a peer reported they were
greatly or very greatly concerned about these costs. Moreover, such a friend may be living
at a location with a higher cost of living, which the cost sensitive evacuee may want to
avoid. However, the marginal effects presented in Table 5.9 were consistent with MesaArango et al.’s (2013) finding that the choice of public shelters, churches, and other
accommodation type is mostly associated with lower transportation expenses, as these
accommodation types are located closer to residential areas, and may not require a fee,
which may have prompted cost sensitive evacuees to select other accommodation type.
H7: Marital status (married) is positively associated with staying in a hotel/motel during
evacuation.
This hypothesis was not rejected and is consistent with Wu et al.’s (2012) findings.
Married evacuees were more likely to stay in a hotel than with a friend or in a public shelter,
possibly due to privacy concerns (Quarantelli, 1980; Weber and Peek, 2012). Additionally,
married evacuees may have children. They may be more concerned about the behavior of
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strangers toward their children during their stay at the public shelters, which may have led
to their selection of hotel/motel.
H8: Perceived certainty about time of hurricane impact positively associates with evacuees
who stayed with a peer.
This hypothesis was not rejected. Greater levels of perceived certainty about the
time of hurricane impact may have made evacuees more confident that they had sufficient
time to prepare for evacuation (complete their pre-evacuation activities such as purchasing
food and medicine as well as withdrawing cash) (Yin et al., 2014b) and evacuate to the
home of their peers before the estimated time of landfall. This variable had not been
explored in prior accommodation literature.
H9. Sum of frequency of communication with all (up to five) peers positively associates
with staying with a peer.
This hypothesis was not rejected. Greater total frequency of communication with
peers could possibly help at-risk residents to narrow down with whom to stay during
evacuation (Damera et al., 2019). Additionally, more frequent communication could
possibly be that peers were convincing the at-risk residents that they could provide other
support (e.g., transportation) as well as emotional support to help them (evacuees) cope
with evacuation (Elliot and Pais, 2006) while they were lodging at their residence.
5.8 Conclusions and Future Directions
This paper is among the few to investigate how perceived certainty factors
influence households’ selection of destinations (among seven zones) and accommodation
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type (among three alternatives (peer’s home, hotel/motel and others) using responses to
post-Hurricane Matthew (2016) survey data. The multinomial logit models estimated for
both destination and accommodation type showed that newly explored perceived certainty
factors about location of hurricane impact and time of hurricane impact for destination and
accommodation type, respectively were statistically significant factors. In addition to
perceived certainty about location, and time of hurricane impact, other significant variables
included socioeconomic and demographic characteristics (e.g., income, marital status
(married)), receiving evacuation notice, extent of understanding hurricane-related graphics
information presented in the news about potential wind gusts and rainfall maps, prior
evacuation experience, and evacuation impediments.
Incorporating perceived certainty (time of hurricane impact and location of
hurricane impact) into the destination and accommodation type models revealed the
impacts of how confident households were about the hazard (65% of the respondents
reported being certain or very certain for both time of hurricane impact and location of
hurricane impact). Taylor et al. (2009) suggested that understanding the effect of
uncertainty may help public officials and emergency managers to improve upon
communication during disasters. Even though most of our respondents reported being
certain or vey certain, a substantial portion (35%) was still less than certain and both public
officials and emergency managers still need to send information about the impending
hurricane to improve upon at-risk residents’ certainty and help them select destinations that
are not likely to be impacted by the hurricane. Additionally, improved evacuation notices
and communication during disasters as well as pre-hurricane education would help
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households to better understand storm surge and rainfall maps, which in turn, would lead
to greater certainty about the storm’s characteristics (e.g., location of impact), necessary
for selecting destination and accommodation type.
Our study confirmed the findings of lower percentages of households who stayed
in other accommodation type such as public shelters and workplaces. However, the lower
percentage (0.2%) of public shelter patronage in our sample seems to suggest that apart
from public officials and emergency managers knowing the number of households living
in the at-risk areas, it is necessary for them to pay attention to the socioeconomic and
demographic characteristics of the households in their estimation of logistics (e.g., beds)
for public shelters. Accurate estimation of the expected number of households who use
public shelters and the logistics needed may lead to efficient mobilization of resources and
personnel, and potentially where to site these public shelters. With regard to the
accommodation choice of peers, even though most evacuees prefer to stay with their peers,
this may not always be the best choice as cost sensitive evacuees may be less likely to stay
with peers who live far from them (due to cost of evacuation logistics such as fuel).
Evacuation traffic managers typically expect congested roadways and additional
travel times (Lindell et al., 2019) as evacuees travel to their destinations and
accommodations. For our study, more households selected zone 7 to the south (21.7% of
evacuating households). Both zones 4 (north west) and 6 (south west) had 17% of
evacuating households headed for each zone. Depending on the timing of departures,
capacities, and through traffic, roads in these directions may be candidates for traffic
management strategies, e.g., opening hard shoulders for evacuation use, to ease congestion,
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which would in turn minimize the delays that evacuating households face as they evacuate
to their destinations and accommodations.
This study found some findings that are inconsistent with prior research. While
previous research (e.g., Wu et al. 2012; 2013) reported that total evacuation coast was
negatively associated with hotel/motel and positively associated with peers’ home and
public shelters, this study found that evacuees who had concern about evacuation expenses
were more likely to stay in hotel/motel than with peers, suggesting that evacuation costs or
concern about such costs could be more nuanced than previously thought. Possibly, some
households may have such concerns but friends or relatives may come to their aid at the
last stages of their preparatio1ns and supported them financially, which would give them
the needed resources for evacuation. However, this needs to be investigated further. Also,
while emergency managers and transportation planners may not expect households to
evacuate to destination zones that are along the coast or in the direction of the path of the
hurricane, this study found that some households were more likely to evacuate to zones
like 1, 2, 3 and 7. Such households may particularly be of interest for emergency managers
should the current situation worsen, especially in the context of search and rescue for such
households, personnel needed for that mission, and logistics needed for such effort.
One of the limitations of this study is the smaller sample sizes used. However the
sample sizes are sufficient to detect meaningful effects (Walmsley and Brown, 2017).
Future studies may have to gather larger sample size for their studies. Another limitation
of this study, which is mostly associated with retrospective studies like hurricane
evacuation, is the ability of respondents to accurately and vividly recollect all the details

201

and activities (flashbulb memories or potential recall bias) that were involved in their
decision making as well as the evacuation process itself. This usually happens because
researchers typically wait till evacuees return and the lives are back to normal before such
surveys are mailed. Possibly, future studies may gather details of households’ decision
making in real-time as used in Meyer et al. (2014).
This paper is one of the relatively few hurricane evacuation studies that
incorporated perceived certainties into models of evacuees’ choices of destinations and
accommodation types. Future studies could further investigate how these certainty factors
impact different locations and are affected by different hurricane categories, as this would
help to better understand how households’ decisions influence their choice of destinations
and accommodation type under different circumstances or scenarios. While prior literature
(Lindell et al., 2019; Perry et al., 1981; Sime, 1993) suggested that households were more
likely to evacuate as a single unit, and as such stay in the same destinations and
accommodations, a recent study (Maghelal et al., 2017) reported that some households
evacuate in separate groups. Such households might travel to the same destinations and
accommodations, but further research is needed to determine if this is true. Researchers
could further investigate if households (e.g., those with larger household sizes or those with
conflicting opinions about where to evacuate) stay in multiple destinations and
accommodations, and if so, what factors influence such decision making. Furthermore,
researchers could investigate whether additional travel times or delays encountered during
evacuation affect households’ initial choices of destinations and accommodations, and
possibly how such challenges would influence their final selection of destinations and
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accommodations. Further, other variables that were non-significant in this study such as
Social network size type of structure (e.g., living in a detached single family home or
education level (having a postgraduate degree)) or those that correlated with income (e.g.,
homeownership, and ethnicity such as Caucasians (Whites)) or other variables, and were
not used in this study, could be investigated in future research.
Future work could also focus on understanding the joint decision making of both
accommodations and destinations. Most people decide where they want to go and then
decide which type of accommodation they prefer (e.g., Wong et al., 2018). Naturally, the
choices are correlated and these choices can be jointly evaluated using new econometric
methods such as nested logit models or portfolios/packets of decisions when datasets
contain larger numbers of observations. In addition, the effects of the social network
structure as well as the certainty and frequency of information evacuees receive through
these networks and the influence on accommodation/destination selection could be further
explored. Finally, future studies could explore whether there is a temporal sequence
between risk perception and perceived certainty and how the sequencing of these factors
affects destinations and accommodation type selection.
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5.10 Appendix 5.A
Table 5.10: Demographic Characteristics of the Sample obtained and the 2016
Population of Jacksonville, FL
Variable

Category

Population

a

Absolute
Bias

Sample

a

Average
Absolute
Bias

18 to 44
0.50
0.19
0.31
45 to 59
0.26
0.29
0.03
0.21
60 +
0.24
0.52
0.28
Male
0.48
0.61
0.13
Gender
0.13
Female
0.52
0.39
0.13
Married
0.46
0.68
0.22
Marital Status
0.22
Not married
0.54
0.33
0.22
Not college educated
0.73
0.33
0.40
Education
0.40
Level
College educated
0.27
0.67
0.40
Less than $15000
0.12
0.06
0.06
$15,000 to $30,000
0.15
0.10
0.05
$30,000 to $45,000
0.16
0.11
0.05
Annual Income
0.05
$45,000 to $60,000
0.14
0.15
0.01
$60,000 to $100,000
0.24
0.27
0.03
Over $100,000
0.19
0.31
0.12
Note: Marginal Population Totals were obtained from United States Census Bureau (2018);
a
Absolute value of the bias is presented (both Tables 5.10 and 5.11) and is shown as a proportion
in percentage (%).
Age group

5.11 Appendix 5.B
Table 5.11: Bias Estimation after Rake Weighting
Marital
Status
Married
Not
Married

a

Population

Unweighted

0.46

0.68

Initial
Absolute
Bias
0.22

0.54

0.33

0.22
0.22
Absolute
Initial
Bias
0.06
0.05
0.05
0.01
0.03
0.12
0.05
0.14

Average
Annual
Income
1
2
3
4
5
6

a

0.62

Weighted
Absolute
Bias
0.16

0.38

0.16

-0.06

0.16
Weighted
Absolute
Bias
0.03
0.01
0.03
0.01
0.04
0.01
0.02
0.09

-0.06

Weighted

a

Population
0.12
0.15
0.16
0.14
0.24
0.19
Average
Overall

Unweighted
0.06
0.10
0.11
0.15
0.27
0.31
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a

Weighted
0.09
0.16
0.13
0.15
0.28
0.20

Change
in Bias
-0.06

Change
in Bias
-0.03
-0.04
-0.02
0.00
0.01
-0.11
-0.03
-0.05

CHAPTER SIX
CONCLUSIONS AND FUTURE DIRECTIONS
6.1 Conclusions and Contributions
This research investigated households’ evacuation-related decisions in the wake of
Hurricane Matthew. Specifically, the research explored (1) households’ evacuation-related
first decisions, (2) the effects of risk perception and perceived certainty on each other and
on the evacuate/stay decision, and (3) the influence of perceived certainty variables on
evacuees’ selection of destinations and accommodations. Predictive models were
developed which helped to identify factors that influence the decisions that evacuees make.
With regard to evacuation-related first decisions, this study is one of the relatively
few studies that considered the sequencing of decisions that households make. This part of
the study helps to better understand the complexities associated with such decision making,
and would also help public agencies and emergency managers to have greater insight into
how households initially make decisions as a hurricane approaches. A nested logit model
was developed, which was preferred to its corresponding multinomial logit model, and was
used to identify the variables associated with such decision-making. Twelve variables were
statistically significant in this study, including a newly explored variable – perceived
certainty about the location of hurricane impact. The study also concluded that voluntary
notices may be useful for predicting sequencing of decisions, even though receiving any
type of notice increases the likelihood of evacuation (e.g., Hasan et al., 2011; Dixit et al.,
2012; Fu et al., 2007).
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This study also explored the bi-direction effect between risk perception and
perceived certainty regarding households’ evacuate/stay decision making. Also, both risk
perception and perceived certainty about evacuation logistics were positively associated
with the evacuation decision. Structural equation modeling was used for this investigation.
In addition to the results reported in this paragraph, female, previous evacuation
experience, and living closer to the coast or water body were positively associated with
risk perception. However, scientific risk was not a statistically significant predictor of risk
perception. For perceived certainty about evacuation logistics, consistency of information
received about Hurricane Matthew and perceived certainty about location of impact were
statistically significant predictors of perceived certainty about evacuation logistics.
Additionally, the results suggest that some variables (e.g., prior evacuation experience)
which were previously thought to be associated with the evacuation decision directly were
mediated through risk perception and perceived certainty about evacuation logistics.
For destinations and accommodation type, this study is one of the very few that
explicitly captures the effect of perceived certainty in evacuees’ decision making. This
study helps to better understand how certain evacuees are in their selection of destinations
and accommodation type, and would also help emergency managers and public agencies
to make more informed decisions regarding public shelter demand and locating capacity
enhancing traffic management strategies. Multinomial logit models were developed for
both destinations and accommodation type. For the destination model, nine variables were
statistically significant. In addition to perceived certainty about the location of hurricane
impact, another newly explored variable included hurricane-related graphics and maps
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about wind gusts and rainfall. For the accommodation type model, six variables were found
to be statistically significant, including perceived certainty about time of hurricane impact.
As discussed throughout this study, this research used post-Hurricane Matthew
survey data from residents of Jacksonville, Florida to develop predictive models
specifically related to Hurricane Matthew. It is worth noting that some of the findings of
this study are similar to those reported in prior studies, suggesting these findings are
transferrable to other hurricanes and locations. With regard to risk perception, perceived
certainty, and the evacuate/stay decision, examples include the positive effect of risk
perception on the evacuation decision (e.g., Whitehead et al. 2000; Baker, 1991; Bateman
and Edwards, 2002 (sample size of 1008)), positive effect of females on both risk
perception and evacuation (e.g., Lindell et al., 2019; Bateman and Edwards, 2002 (sample
size of 1008)), positive effect of previously evacuating on both risk perception and
evacuation (e.g., Riad et al., 1999 (sample size of 780)), and negative effect of perceived
certainty on evacuation (Alawadi et al., 2020 (sample size of 360)). For destinations and
accommodation type, examples of factors that are consistent with prior literature include
the positive effect of being married on the choice of hotel/motel (Wu et al., 2012 (sample
size of 1265)), and negative effect of late departure on choice of hotel/motels. Applying
these findings to hurricanes of different categories at different locations could help us to
better understand the decision making process of households, which may lead to a more
precise prediction of households’ evacuation behavior.
On the other hand, some factors used in this study resulted in findings that were
non-significant or directly opposite to that reported in prior research, potentially due to the
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different measurement scales at which some of the variables have been measured. With
regard to destinations and accommodation type, an example was a negative effect between
concern about out-of-pocket expenses on accommodation choice of peers’ home while Wu
et al. (2012) reported that most of Texas and Louisiana residents who evacuated during
Hurricanes Katrina and Rita (both were of category 3) were more likely to stay in their
peers’ home and they paid less for lodging (suggesting they did not have cost concerns).
This could be due to how the cost variable was captured. While this research captured cost
as concern about out-of-pocket expenses, Wu et al. (2012) used actual costs of lodging and
evacuation. For evacuation-related first decisions, an example is the finding that
households with greater number of members above 65 years of age are more likely to select
an accommodation type first, which is opposite the finding of Damera et al. (2019) who
reported that households with at least one member above the age of 65 years of age were
more likely to select destination before accommodation. While this research used decisions
that were selected as first decisions, Damera et al. (2019) used the relative ordering (e.g.,
sequential decision of selecting destinations first and accommodation second) of decisions
for their investigation. With regard to risk perception, perceived certainty, and the
evacuate/stay decision, this research found that both household size and previous
evacuation experience had non-significant effects on perceived certainty about evacuation
logistics. However, Lindell et al. (2019) reported that household size and previous
evacuation were some of the main determinants of evacuation logistics. The difference is
that while our study was related to perceived certainty about evacuation logistics, Lindell
et al.’s (2019) was reporting variables that were associated with evacuation logistics.
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Future studies may have to measure variables on similar scales, which would help make
the findings of such studies more generalizable or transferrable.
This study provides findings and insights that researchers, public agencies, and
emergency managers could consider in their planning, analysis, operation, and
management of evacuations. Some of the insights and findings include evacuation-related
first decisions, perceived certainty about evacuation logistics, and hurricane-related maps
and graphics. Households who are uncertain about their evacuation logistics (potentially
due to uncertainty about the characteristics of the hurricane) may seek additional
information to minimize their uncertainty of the characteristics of the hurricane, which
could also help them to become more certain about their evacuation logistics. This suggests
that public agencies and emergency managers would have to tailor hazard information,
notices, and warnings to be devoid of ambiguity and inconsistencies, and also send such
information to at-risk residents in a timely fashion, which would, in turn, help them
(residents) to become more confident about their perceived certainty about evacuation
logistics. Such greater certainty would help evacuees to make the optimum evacuationrelated first decisions, assess their current situation to select the best protective action to
take (e.g., evacuate or to shelter in place), and also aid them to make the best decisions
when it comes to the selection of destinations and accommodation type, which may lead to
improved evacuations in the future.
Finally, one limitation of this study is the smaller sample sizes used for studies in
Chapters 3, 4, and 5. However, these sample sizes have adequate statistical power to detect
meaningful effects as well as plausible conclusions (Walmsley and Brown, 2017). Future
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research may have to gather larger sample sizes that may yield greater statistical power for
similar studies. Another limitation, which is common to most disaster and hazards research,
is that most of the respondents may not be able to remember the details of all the activities
and decisions they made in the wake of the hurricane. Future studies may have to gather
real-time data for disaster and hazards research.
6.2 Future Directions
Future research can explore evacuation-related first decisions further by accounting
for the factors associated with other decisions such as destinations, departure timing, mode
choice, and route selection. In addition, future works can explore if these decisions are
made simultaneously and the factors associated with such decision making. Also, future
studies could explore the evacuation-related decisions reported in this study for hurricanes
of different categories at different locations, and whether evacuees make such evacuationrelated first decisions in the wake of other hazards (e.g., floods).
With regard to the effect of risk perception and perceived certainty on evacuate
stay/decisions, future studies could explore these effects on other evacuation decisions such
as partial evacuation and households who evacuate in groups. In addition, such a study
could explore other factors that could be used to predict risk perception and perceived
certainty.
For destinations and accommodation type, future studies could explore whether
evacuees have similar perceived certainties under different hurricane categories at different
locations. Also, because sometimes evacuees may choose their destinations based on
accommodation type, it would be worth exploring these decisions with a nested logit
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model, which relaxes the independence of irrelevant alternatives (IIA) assumption
(Washington et al., 2011; Koppelman and Bhat, 2006).
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Appendix A
Phrasing of Questions for Dependent Variables
Phrasing of the questions leading to the dependent variables used in this dissertation are
presented below:
Did you evacuate for Hurricane Matthew?
☐ Yes, my entire household evacuated together
☐ Yes, my entire household evacuated but in two or more groups
☐ Yes, I evacuated with only part of my household
☐ No, but other household members evacuated
☐ No, none of my household evacuated

In what sequence did you make the following travel related decisions? Please indicate the sequence
next to the decision starting with 1 for the first decision. If you made some decisions at the same
time, assign them the same number.
Evacuation _____________
Departure time _____________
Accommodations (public shelter, friend/relative’s home, hotel/motel, etc.) _____________
Evacuation destination (city/town) _____________
Evacuation travel mode (private vehicle, public transit, ride with someone) _____________
Evacuation route (roads used) _____________

In what city or town was your final destination?
City/Town__________________________________
Where did you stay when you evacuated?
☐ A public shelter
☐ The home of a friend or relative
☐ A hotel/motel
☐ Another property that you own or rent
☐ Other, please specify
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State________

Zip code__________

Appendix B
General Sample Gathered
Table B.1: Descriptive Statistics of the General Sample Gathered
Variable

N

Previous Evacuation Experience
Whether the respondent previously evacuated
470
Whether the respondent previously stayed
470
Whether the respondent has never lived in a community that was advised
470
to evacuate from a hurricane
Whether the respondent previously evacuated and the hurricane hit their
470
community
Whether the respondent previously stayed and the hurricane hit their
470
community
Whether the respondent previously stayed and the hurricane missed their
470
community
Characteristics of Respondents
Whether the respondent’s race is White (Caucasian)
472
Whether the respondent’s race is Black
472
Whether the respondent’s race is American Indian or Alaskan Native
472
Whether the respondent’s race is mixed race
472
Whether the respondent is married
477
Whether the respondent is single
477
Whether the respondent is divorced
477
Whether the respondent is widowed
477
Whether the respondent is a male
477
Whether the respondent is a female
477
Respondent’s age
472
Household Characteristics
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Min

Max

Mean

Standard
Deviation

0.00
0.00

1.00
1.00

0.28
0.42

0.45
0.50

0.00

1.00

0.29

0.46

0.00

1.00

0.10

0.30

0.00

1.00

0.18

0.39

0.00

1.00

0.19

0.39

0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
20.00

1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
92.00

0.89
0.01
0.04
0.04
0.68
0.11
0.10
0.11
0.39
0.61
58.32

0.31
0.09
0.20
0.21
0.47
0.32
0.31
0.31
0.49
0.49
14.74

Household size
498
Number of household members under 18 years old
239
Number of household members between 18-65 years old
370
Number of household members over 65 years old
261
Whether household has a member with special medical needs
472
Annual household income (US$)
436
Number of household vehicles used for evacuation
211
Home Characteristics
Distance of home from the coast (miles)
474
Number of years of living in the current home
478
Number of years of living in the current community
478
Whether the respondent lives in a single family detached home
482
Whether the respondent lives in a mobile home
482
Whether the respondent lives in a multi-family home (one or two stories)
482
Whether the respondent lives in a multi-family home (three or more
482
stories)
Whether the respondent rents the home that they are currently living
478
Certainty Factors
Whether they live in an evacuation zone
473
Time of hurricane impact
463
Location of hurricane impact
459
Time needed to prepare for evacuation
449
When to evacuate
442
Evacuation destination
428
Evacuation travel mode
425
Evacuation route
426
Concerns/Worries
Injury or death to themselves or members of their household
481
Damage to home from water (storm surge or inland flooding)
482
Damage to home from wind
483
Disruption to their jobs or loss of income
483
Disruption to their utility services (e.g., electricity)
481
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1.00
0.00
0.00
0.00
0.00
15,000
1.00

8.00
6.00
6.00
3.00
1.00
100,000
4.00

2.21
0.72
1.65
1.07
0.18
68,188.07
1.32

1.17
1.08
0.96
0.80
0.39
29,397.93
0.64

0.00
0.00
0.00
0.00
0.00
0.00

56.00
0.63
0.74
1.00
1.00
1.00

10.24
14.36
19.47
0.88
0.03
0.07

12.39
12.55
16.54
0.33
0.16
0.26

0.00

1.00

0.01

0.08

0.00

1.00

0.09

0.29

0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

100.00
100.00
100.00
100.00
100.00
100.00
100.00
100.00

84.30
74.14
68.95
74.94
74.43
70.74
84.59
74.65

28.85
27.41
27.80
29.58
30.35
36.43
28.54
33.47

0.00
0.00
0.00
0.00
0.00

100.00
100.00
100.00
100.00
100.00

31.76
45.75
55.28
20.70
61.75

32.05
35.50
30.18
29.97
30.06

Possibility of them being involved in a major accident
483
Possibility of them being stuck in a major traffic congestion
481
Out of pocket expenses for gas, food, and lodging while away from
481
home
Possibility of looting in evacuated areas
483
Household members who need special assistance
479
Evacuation Decision
Whether the respondent stayed
439
Whether the respondent evacuated
439
Evacuation Notices
Whether the respondent received mandatory evacuation notice
434
Whether the respondent received voluntary evacuation notice
434
Whether the respondent received no evacuation notice
434
Destination Zones
Whether the respondent evacuated to zone 1
217
Whether the respondent evacuated to zone 2
217
Whether the respondent evacuated to zone 3
217
Whether the respondent evacuated to zone 4
217
Whether the respondent evacuated to zone 5
217
Whether the respondent evacuated to zone 6
217
Whether the respondent evacuated to zone 7
217
Accommodation Type
Peers’ home
216
Hotel/motel
216
Other (e.g., public shelters, churches)
216
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0.00
0.00

100.00
100.00

19.00
38.98

27.24
37.13

0.00

100.00

23.34

30.06

0.00
0.00

100.00
100.00

30.38
11.90

31.26
25.61

0.00
0.00

1.00
1.00

0.50
0.50

0.50
0.50

0.00
0.00
0.00

1.00
1.00
1.00

0.37
0.21
0.37

0.48
0.41
0.48

0.00
0.00
0.00
0.00
0.00
0.00
0.00

1.00
1.00
1.00
1.00
1.00
1.00
1.00

0.17
0.10
0.05
0.17
0.13
0.17
0.22

0.37
0.30
0.21
0.38
0.37
0.38
0.41

0.00
0.00
0.00

1.00
1.00
1.00

0.63
0.31
0.06

0.48
0.46
0.25

Appendix C
Counties Where Survey Responses Were Gathered

Figure C.1: Counties Where Survey Responses Were Gathered
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Appendix D
Summary of Survey Data Distribution by Zip Codes
Table D.1: Summary of Survey Data Distribution by Zip Codes
Zip
Code

County

32003

Clay

32043
32065
32068
32073
32079
32656

Clay
Clay
Clay
Clay
Clay
Clay

32202

Duval

32204
32205

Duval
Duval

32206

Duval

32207

Duval

32208

Duval

32209
32210
32211
32212

Duval
Duval
Duval
Duval

Topography/
Surge
Moderate
Surge
Weak Surge
Inland
Inland
Weak Surge
Inland
Inland
Moderate
Surge
Weak Surge
Inland
Moderate
Surge
Weak Surge
Moderate
Surge
Weak Surge
Weak Surge
Weak Surge
Weak Surge

Urban
Vrs Rural

Mandatory
Vrs
Voluntary

Total
Survey
Sent

Total
Surveys
Received

Total
Survey
Sent
(%)

Total
Surveys
Received
(%)

Difference
(%)

Urban

Voluntary

164

10

0.0328

0.0020

0.0308

Rural
Urban
Rural
Urban
Rural
Rural

Voluntary
Voluntary
Voluntary
Voluntary
Voluntary
Voluntary

95
185
370
107
3
101

3
10
17
10
0
4

0.0190
0.0370
0.0740
0.0214
0.0006
0.0202

0.0006
0.0020
0.0034
0.0020
0.0000
0.0008

0.0184
0.035
0.0706
0.0194
0.0006
0.0194

Urban

Mandatory

17

1

0.0034

0.0002

0.0032

Urban
Urban

Mandatory
Mandatory

10
76

1
1

0.0020
0.0152

0.0002
0.0002

0.0018
0.015

Urban

Mandatory

48

4

0.0096

0.0008

0.0088

Urban

Mandatory

48

3

0.0096

0.0006

0.009

Urban

Mandatory

88

4

0.0176

0.0008

0.0168

Urban
Urban
Urban
Rural

Mandatory
Mandatory
Mandatory
Mandatory

46
88
46
5

5
2
1
0

0.0092
0.0176
0.0092
0.0010

0.0010
0.0004
0.0002
0.0000

0.0082
0.0172
0.009
0.001
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Cost of
Damage

$3
million

$53.3
million

32216
32217

Duval
Duval

32218

Duval

32219
32220
32221
32222
32223

Duval
Duval
Duval
Duval
Duval

32224

Duval

32225

Duval

32226
32227
32228
32233
32234
32244
32246
32250
32254
32256
32257

Duval
Duval
Duval
Duval
Duval
Duval
Duval
Duval
Duval
Duval
Duval

32258

Duval

32266
32277
32009

Duval
Duval
Nassau

Weak Surge
Weak Surge
Moderate
Surge
Weak Surge
Inland
Inland
Inland
Weak Surge
Moderate
Surge
Moderate
Surge
Shoreline
Shoreline
Shoreline
Shoreline
Inland
Weak Surge
Inland
Shoreline
Inland
Weak Surge
Inland
Moderate
Surge
Shoreline
Weak Surge
Inland

Urban
Urban

Mandatory
Mandatory

53
27

2
1

0.0106
0.0054

0.0004
0.0002

0.0102
0.0052

Rural

Mandatory
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12

0.0454

0.0024

0.043

Rural
Rural
Rural
Rural
Urban

Mandatory
Mandatory
Mandatory
Mandatory
Mandatory

23
49
116
39
36

1
2
6
0
2

0.0046
0.0098
0.0232
0.0078
0.0072

0.0002
0.0004
0.0012
0.0000
0.0004

0.0044
0.0094
0.022
0.0078
0.0068

Urban

Mandatory

106

14

0.0212

0.0028

0.0184

Urban

Mandatory

145

7

0.0290

0.0014

0.0276

Rural
Urban
Urban
Urban
Rural
Urban
Urban
Urban
Urban
Rural
Urban

Mandatory
Mandatory
Mandatory
Mandatory
Voluntary
Mandatory
Mandatory
Mandatory
Mandatory
Mandatory
Mandatory

149
14
2
153
49
86
135
164
34
84
97

5
0
0
11
4
1
11
20
0
5
9

0.0298
0.0028
0.0004
0.0306
0.0098
0.0172
0.0270
0.0328
0.0068
0.0168
0.0194

0.0010
0.0000
0.0000
0.0022
0.0008
0.0002
0.0022
0.0040
0.0000
0.0010
0.0018

0.0288
0.0028
0.0004
0.0284
0.009
0.017
0.0248
0.0288
0.0068
0.0158
0.0176

Urban

Mandatory

80

7

0.0160

0.0014

0.0146

Urban
Urban
Rural

Mandatory
Mandatory
Mandatory

42
42
13

3
2
0

0.0084
0.0084
0.0026

0.0006
0.0004
0.0000

0.0078
0.008
0.0026
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32011

Nassau

32034
32046

Nassau
Nassau

32097

Nassau

32033
32080
32081
32082
32084
32086
32092
32095
32145
32259

St.
Johns
St.
Johns
St.
Johns
St.
Johns
St.
Johns
St.
Johns
St.
Johns
St.
Johns
St.
Johns
St.
Johns

Moderate
Surge
Shoreline
Weak Surge
Moderate
Surge

Rural

Mandatory

58

5

0.0116

0.0010

0.0106

Rural
Rural

Mandatory
Mandatory

290
19

32
0

0.0580
0.0038

0.0064
0.0000

0.0516
0.0038

Rural

Mandatory

64

4

0.0128

0.0008

0.012

Weak Surge

Rural

Mandatory

9

1

0.0018

0.0002

0.0016

Shoreline

Rural

Mandatory

194

34

0.0388

0.0068

0.032

Moderate
Surge

Rural

Mandatory

29

1

0.0058

0.0002

0.0056

Shoreline

Rural

Mandatory

282

33

0.0564

0.0066

0.0498

Shoreline

Rural

Mandatory

298

37

0.0596

0.0074

0.0522

Moderate
Surge

Rural

Mandatory

107

14

0.0214

0.0028

0.0186

Weak Surge

Rural

Mandatory

60

4

0.0120

0.0008

0.0112

Moderate
Surge

Rural

Mandatory

30

1

0.0060

0.0002

0.0058

Weak Surge

Rural

Mandatory

10

1

0.0020

0.0002

0.0018

Weak Surge

Rural

Mandatory

88

7

0.0176

0.0014

0.0162

5000

375

1.0000

0.0750

0.925

Total
Source: https://www.ncdc.noaa.gov/stormevents/
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$10
million

$2
billion

$2.07
billion

Appendix E
Demographic Characteristics of the Sample as Compared to the 2016 Population of
Jacksonville, FL
Table E.1: Demographic Characteristics of the Sample obtained and the 2016
Population of Jacksonville, FL
Variable

Category

Population

Sample

a

Absolute
Bias

a

Average
Absolute
Bias

18 to 44
0.50
0.19
0.31
45 to 59
0.26
0.29
0.03
0.21
60 +
0.24
0.52
0.28
Male
0.48
0.61
0.13
Gender
0.13
Female
0.52
0.39
0.13
Married
0.46
0.68
0.22
Marital Status
0.22
Not married
0.54
0.33
0.22
Not college educated
0.73
0.33
0.40
Education
0.40
Level
College educated
0.27
0.67
0.40
Less than $15000
0.12
0.06
0.06
$15,000 to $30,000
0.15
0.10
0.05
$30,000 to $45,000
0.16
0.11
0.05
Annual Income
0.05
$45,000 to $60,000
0.14
0.15
0.01
$60,000 to $100,000
0.24
0.27
0.03
Over $100,000
0.19
0.31
0.12
Note: Marginal Population Totals were obtained from United States Census Bureau (2018);
a
Absolute of the bias is presented and it is shown as a proportion in percentage (%).
Age group
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Appendix F
Estimation of Bias in Sample
Table F.1: Bias Estimation after Rake Weighting
Marital
Status
Married
Not
Married

a

Population

Unweighted

0.46

0.68

Initial
Absolute
Bias
0.22

0.54

0.33

0.22

a

0.62

Weighted
Absolute
Bias
0.16

0.38

0.16

Weighted

Change
in Bias
-0.06
-0.06

0.22
0.16
-0.06
a
Initial
Weighted
Annual
Change
Population Unweighted
Absolute Weighted
Absolute
Income
in Bias
Bias
Bias
1
0.12
0.06
0.06
0.09
0.03
-0.03
2
0.15
0.10
0.05
0.16
0.01
-0.04
3
0.16
0.11
0.05
0.13
0.03
-0.02
4
0.14
0.15
0.01
0.15
0.01
0.00
5
0.24
0.27
0.03
0.28
0.04
0.01
6
0.19
0.31
0.12
0.20
0.01
-0.11
0.05
0.02
-0.03
Average
0.14
0.09
-0.05
Overall
a
Note: Absolute of the bias is presented and it is shown as a proportion in percentage (%).
Average

a
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Appendix G
Contacts of Principal Investigators for Hurricane Matthew Survey
For those who may be interested in the Hurricane Matthew Survey, please contact the
principal investigators below:
Pamela Murray-Tuite, Ph.D.
Professor
Glenn Department of Civil Engineering, Clemson University
109 Lowry Hall, Clemson, SC 29634, USA
Email: pmmurra@clemson.edu
Tel: 864-656-3802
Yue Ge, Ph.D.
Assistant Professor
School of Public Administration, University of Central Florida
528 W. Livingston St., DPAC 448J, Orlando, FL 32816, USA
Email: yue.ge@ucf.edu
Satish Ukkusuri, Ph.D.
Professor
Lyles School of Civil Engineering, Purdue University
550 Stadium Mall Drive, West Lafayette, IN 47907, USA
Email: sukkusuri@purdue.edu
Seungyoon Lee, Ph.D.
Associate Professor
Brian Lamb School of Communication, Purdue University,
100 North University Street, West Lafayette, IN 47909, USA
Email: seungyoon@purdue.edu
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